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Manifold Learning Projection Quality
Quantitative Evaluation

Vladislav Belov

3rd year of PGS, email:belovvla@fjfi.cvut.cz
Department of Mathematics
Faculty of Nuclear Sciences and Physical Engineering, CTU in Prague

advisor: Radek Ma k, Department of Telecommunication Engineering
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Abstract. A large number of dimensions may cause various problems in real-world applications.
Some dimensions might be redundant and can worsen the quality of the work ow output. In the
vast majority of exercises with datasets, data are distributed along a highly nonlinear manifold
whose structure is unknown. This paper focuses on analyzing the outputs of nonlinear dimen-
sionality reduction, or Manifold Learning, techniques. We introduce three meaningful measures
that provide context behind projections onto lower-dimensional spaces. The measures will en-
able us to compare techniques with each other and assist in choosing suitable hyperparameters.
Moreover, we propose to view projections from the standpoint of simplicial complex distortion.
In connection with that, we establish the process of a dimension-agnostic graph-based data tes-
sellation technique that builds a simplicial skeleton of high-dimensional data. Alongside our new
tessellation technique, we evaluate the proposed quality measures on the Delaunay-tessellation-
based simplicial approximations of manifolds.

Keywords: dimensionality reduction, machine learning, manifold learning, noise reduction

Abstrakt.  VWsok pofet dimenz me”e zpesobit rezn@ probl@my v reZln ch aplikac ch: n¥k-
terd dimenze mohou bt redundantn a nav c zhortujc kvalitu v stups models, kter@dho jsou
SOUE/Est. Krom¥ toho, pi prAEci se skuteEn mi daty se £asto setk/EvEme s p pady, kdy” jsou
distribuov/AEna poddl n¥jak@d nelinern variety, jej ” struktura je nezn/EmA. Tento p sp¥vek je za-
m¥ en na anal zu technik nelinern redukce dimenzionality, tzv. Manifold Learning. Zde p ed-
stavujeme t i metriky, kterd jsou schopn@ extrahovat informace o provAEd¥n ch projekc ch vysoce
dimenzion/Zln ch variet na prostory s ni"t mi dimenzemi. Nadto ukazujeme, "e tyto metriky jsou
u”iteEn@ p i v b¥ru jak optimZA£In¥jt mapovac techniky, tak i jej ch hyperparametre. V t@to prAEci
tak@ navrhujeme pohled na redukEn projekce jako na proces distorze komplexs propojen ch sim-
plexe. V nAvaznosti na tuto mytlenku de nujeme a u” vAEme vlastn techniky vytvo en simplexe,
kter/E nen p mo z/Avisl/£ na dimenzi dat a je zalo”ena na principu sestaven simplexov@d kostry.
P i evaluaci navr’en ch metrik tak@d aplikujeme aproximace variet vytvo en ch na z/Aklad¥ De-
launyho teselac .

Kl £ovAE slovaManifold Learning, redukce dimenzionality, redukce tumu, strojovdd ufen

Full paper: The full text of this paper is available in [1]. The work was presented at
the CIIS 2021 conference workshop CAIT 2021.

This work was supported by the Grant Agency of the Czech Technical University in Prague, grant
No. SGS20/183/0OHK4/3T/14.
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(a) A set of projections of the S-curve N = (b) A set of projections of the Swiss Roll,
500, for dierent values of the number of N = 1000, for di erent values of the num-
nearest neighborsk. ber of nearest neighbors.
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Figure 2: Simplex Distortion of the Swiss Roll datasetN = 1000, DT ( pr = 3).
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Tools for Understanding Deep Blind Image
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Abstract. This paper presents tools that can be used for better understanding of blind image
deconvolution algorithms. It is focused on SelfDeblur algorithm, that is based on Deep Image
Prior, and aims to uncover some of the reasons of its e ciency using mode-connectivity landscape
and power spectral density plots.

Keywords: SelfDeblur, blind image deconvolution, solution landscape, power spectral density

Abstrakt. V tomto p°isp¥vu jsou prezentovany dva nastroje, které Ize pou®it pro lep2i pochopeni
algoritm- °ez?icich slepou dekonvoluci obrazu. Je zam¥°en na algoritmus SelfDeblur, ktery je
postaveny na my2lence Deep Image Prior, a cilem je |épe porozum¥t, co stoji za jeho efektivitou,
pomoci vykresleni prostoru °e2eni a graf- vykonové spektralni hustoty.

Klifové slova: SelfDeblur, slep& dekonvoluce obrazu, prostor °e2eni, vykonovéa spektralni hustota

1 Introduction

Images can be degraded in many ways, for example, by blurring, noise or low resolution.
In this paper we focus on blurring, which may be caused by a relative motion of a camera
and a scene, turbulence in atmosphere or wrong focus. Assuming a spatially invariant
blur, a blurred imaged 2 R} ;" can be represented as a convolution of a point spread
function (PSF) k 2 R § and an underlying sharp imagex 2 R "

d=k~x+n; Q)

wheren 2 R"™ ™ denotes a noise. The deconvolution is basically an inverse operation
to the convolution with the aim to recover the sharp image from the blurred one. The
deconvolution is called blind (BID) when not only the sharp image, but also the blur is
unknown. The task is then to minimize

kd Kk~ xk; )

with respect to both x and k. To preserve the energyk is required to contain only
nonnegative values and sum to 1. This paper is focused on zero-shot blind image decon-
volution, which means that the sharp image is estimated without any training on a large
dataset.

This work has been supported by the grant GA20-27939S
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1.1 Literature

As the problem is highly ill-posed, some prior information is a vital part of the estima-
tion. Bayesian approach recieved a lot of attention at the begging of the century, starting
with Miskin and MacKay [12], Likas and Galatsanos [11] and Molina et al. [13]. Varia-
tional Bayes [18], [7] and Maximum Aposteriori (MAP) [9], [14] approaches were mainly
discussed and various priors were proposed [20]. Although these traditional methods are
guite successful, their e ciency depends on a blur type and inverse operations often leave
the sharp images degraded by not very plausible artifacts.

Another interesting approach to the problem of blind image deconvolution is to uti-
lize deep learning [5], [21], [22]. Deep learning models usually require to be trained on
large datasets which give them more information than the traditional methods get and,
therefore, outperform them. But there are real world scenarios where large datasets are
not available, usually because of a screening method, and, for a long time, traditional
Bayesian methods were state-of-the-art for these problems. In 2018, Ulyanov et al. pro-
posed Deep Image Prior (DIP) [19] and they state that a structure of a deep neural
network is a regularizer of the problem itself and that it may prefer images with certain
characteristics. They successfully presented it on image denoising, inpainting, and super-
resolution, but not on blind image deconvolution. Ren et al. combined the DIP image
network with a fully connected network for the PSF in 2020 and proposed SelfDeblur [15].
This model deblurs image without any training dataset and outperforms the traditional
methods that are used for BID.

1.2 SelfDeblur

As described in [15], the model combines two generative neural networks, one for an
image, denoted as5,, and one for a PSF, denoted a&. The estimate of the sharp
image is generated a§(zx) and the estimate of the PSF as3(zy), wherez, and zy

are xed, randomly sampled arrays from uniform distribution. The deconvolution is then
formulated as

&anr: kd G «(zk) ~ G(zx)k;
S.t. 0 G X%X)i 1; 8i;
G(zk); 0857 G(zy); = 1: 3)

i

The requirements of nonnegativity and sum of elements of the PSF can be easily incor-
porated using softmax and sigmoid output layersG, is as in [19] 5-level U-net [16] with
skip connections, batch-normalization, leaky ReLU activations and bilinear upsampling.
G is a fully connected neural network with one hidden layer with hardtanh activation.
The two networks are optimised jointly in 5000 epochs using Adam optimiser [6] with
learning rates10 2 for image and10 # for blur.

Results in this paper were obtained with a simpler blur model - it is represented
only by an array (a bias vector if it was understood as a neural network) and a softmax
output layer and it is optimised with a learning rate 10 2, because we mainly focus on
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Figure 1. This gure illustrates di erence between ground-truth and no-blur solution. On the
left side, there is a convolution of ground-truth solution, on the right side, there is a convolution
of the no-blur solution. The image and PSF are taken from the Levin dataset.

image network behaviour. Apart from that, random perturbations ofz, are not used and
learning rate schedulling is turned o .

2 Studied issues

The problem of BID is highly ill-posed and SelfDeblur su ers from similar problems as
traditional methods [8]. One of the main challenges is that there may be inifnitely many
solutions minimizing objective (2). Most works focus on how to avoid a so-called no-blur
solution, where the PSF is estimated as a dirac delta function and sharp image as the
blurred one as shown in Figure 1. To achieve the true sharp image, it is necessary to
restrict the solution space. One already mentioned assumption is that the solution is
required to preserve energy. Unfortunatelly, this is true for the no-blur solution as well
as for the correct one. Therefore, regularization terms, often for both and k are added

to the loss function (2). The authors of SelfDeblur state, that it is enough to minimize
the objective without the regularization terms, because the regularization is incorporated
naturally by the structure of the image network. In [8] Kotera et al. tested the ability

of the network to learn a blurred image and showed that it is actually simpler to train a
network generating the blurred image than the sharp one and suggested that the reason of
success of SelfDeblur lies more in an optimization method than in the network structure.

Another problem is that deconvolution performed by SelfDeblur results in a di erent
solution every run on the same image. This is caused by the random initialization of
weights of the network as well as the input arrag . This means that the starting point has
a strong e ect on a performance of the deblurring algorithm. Good choice of initialization
is an issue shared with traditional Bayesian methods, although they usually start from
completely di erent point than SelfDeblur the no-blur solution.

Furthermore, good initialization may depend on characteristics of the sharp image.
Deconvolution of images in the Levin dataset [10] returns estimates that are way closer
to the true sharp ones than estimates of two images from the Kodak dataset [1]. As
mentioned by Arican et al. in [2], every sharp image may be represented the best by
a di erent neural network. The U-net is a reasonable choice, but the exact structure
returning the best estimate is unknown. There is a lot of decisions to be made: which
upsampling method to choose, size of convolutional kernel or number of skip channels.
It is generally accepted that the model of the sharp image has to be more accurate than
the model of the PSF, because it is assumed to be smaller than the image and, therefore,
there is enough data to estimate it well.

Questions that will be discussed in this paper: lies the ability to avoid the no-blur
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solution only in the representation of the sharp image? Is the ability of an image network
to learn a sharp image dependent on characteristics of the sharp image? What role does
initialization play in SelfDeblur?

3 Metrics

In this section, two tools for understanding blind image deconvolution will be described.

3.1 Mode connectivity

To explore the solution space of the problem, we decided to utilize a method proposed in
[3]. We search for a path between two modes (usually ground truth and no-blur solution)
and then project other solutions onto a plane de ned by the found path. The path is
assumed to be a quadratic Bezier curve and its third control point is found so that an
expectation of the loss function w.r.t. uniform distribution onh0; 1i is minimized over
the path. Such a landscape is constructed in an image and PSF space together, so that
it is possible to compare models that have a di erent interpretation of parameters. It is
rendered as a heatmap of logarithmic values of loss for coup{esk). Other points that

are not in this plane are orthogonally projected onto it.

3.2 Power spectral density

Fourier spectra of an image shows its frequency characteristics, which is something that
changes when an image gets blurred. To better understand di erences between images
we decided to use plots of their power spectral densities (PSD). PSD plot is created as a
histogram of logarithmic frequency values in the power spectra and these histograms are
normalized so that the PSDs can be compared.

4 EXxperiments

Conducted experiments and their results are presented in this section. Firstly, another
model of the sharp image is described and then compared to results of SelfDeblur with
di erent initial conditions. Eventually, an in uence of the U-net structure is discussed.
Used images are from the Levin dataset [10] and the Kodak dataset [1], image shown in
Figure 3 is used to illustrate behaviour on one sample.

4.1 Architecture of the sharp image model

In classical MAP-based approaches, the image is represented by a matrix and it is assigned
a prior distribution that prefers the sharp image to the blurred one. The idea of DIP is
that the image prior is a structure of a deep neural network, which is trained to return the
sharp image. To test the power of the latent regularization, we decided to compare two
image models: sharp image represented only by a matrix and sharp image represented by
the U-net. The PSF was represented by an array that sums to one and has nonnegative
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values. The unknowns were jointly optimized with Adam optimiser [6], which is default
for SelfDeblur.

4.2 Initial Conditions

The image network in SelfDeblur is initialized randomly with Kaiming uniform method
(default in pytorch). The result of the deblurring is then di erent every run on the same
blurred image. Therefore, we decided to test di erent initalizations and projected the
starts and solutions onto a solution landscape to compare them.

Firstly, we explored whether another way of initialization of the U-net would change
the results. The experiment was run on a cutout from an image in Figure 1 and was
blurred by 5 5 PSF in the shape of X. We decided to compare Kaiming uniform scheme
with Glorot uniform scheme [4] which is often used as well. 35 random initializations
from both schemes are projected onto a solution landscape which is rendered in a rst
row of Figure 2. It can be seen that both initializations tend to cluster closer to the
no-blur solution, but Kaiming uniform initializations are way more spread.

Next, an output of randomly initialized U-net was used as an initialization for the
matrix image model from section 4.1 to see the in uence of the initialization. Optimiza-
tion was run with both models and the path from initialization to solution was projected
onto the landscape (rows 2 and 3 in Figure 2). The paths have quite similar shape and
even though the initialization is closer to the no-blur solution in orthogonal projection
onto the landscape, it does not get trapped in this minima, and in both cases it converges
closer to the ground-truth solution. The simple matrix model does not get as close to
the ground-truth solution as SelfDeblur, but converges in the correct direction. PSNR
values of images reconstructed in these four runs are in Table 1. It can be seen that the
images that are closer to the ground-truth solution in the landscape have higher PSNR
values. The di erence between the two methods can be seen in Figure 3. Images recon-
structed by the simpler matrix model contain ringing artifacts while SelfDeblur is able
to avoid this problem. This may be caused by the latent regularization of SelfDeblur,
mainly by upsampling layers as will be explained in the next section. It should be noted
that the path followed by the simpler matrix model from Kaiming initialization does not
correspond with the plotted landscape, so the solution space may be much more complex
than this method can show.

On the other hand, when both methods are initialized by a point from the landscape
close to the no-blur solution, even SelfDeblur, which was pretrained to start at the point,
fails to converge to the correct solution as can be seen in Figure 4. Moreover, when
pretrained to start the optimization in a point on a grid on the landscape (only points
that contain nonnegative values and psf values sum to one are considered), there are
more cases of arriving to the no-blur solution than to the ground-truth solution. It
seems that the valley where the ground-truth solution is located is harder to reach. This
observation suggests that the random initialization of SelfDeblur is partly responsible
for its success when compared to more traditional methods that start from the no-blur
solution. Furthermore, starting from a point so di erent from a real image may act as
a warm-up for SelfDeblur and give it enough time to learn more complex connections
between the pixels in the sharp image.
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Figure 2: Solution landscape for a cutout from an image in Figure 1. Darker color on the
plane shows lower values of loss. Star denotes the ground-truth solution, diamond the no-blur
solution and black cross the third control point of the Bezier curve. First row : White circles
show OG projection of 35 random image network initializations. Second row : White crosses
show OG projection of path of SelfDeblur from initialization (white circle) to solution (white
square). Third row : Shows a path of the matrix image representation.Left column contains
gures of Kaiming uniform initalization, right of Glorot uniform initialization.

Table 1: PSNR of reconstructed im-
ages from the four paths shown in Fig-

ure 2. Figure 3. Reconstructed images from the four paths
shown in Figure 2. First two are results from SelfDe-
blur, the other two from the simpler matrix model.
SelfDeblur| 25.656dB 26.176dB  First and third were initialized by Kaiming uniform
Matrix 23.409dB 25.239dB  scheme, second and fourth by Glorot uniform scheme.

| Kaiming  Glorot
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Figure 4: Convergence from points on the solution landscapelLeft graph shows the results
of SelfDeblur, right graph the results of the matrix model. Light-colored stars denote points
converging to ground-truth solution (darker star), lighter-colored diamonds points converging to
the no-blur solution (darker diamond) and circle denotes initializations that did not get close to
any of the two modes.

Apart from that, we observed that images with less lower frequency components in
Fourier spectrum are harder to deblur (two images from Kodak dataset). Their PSD is
plotted in Figure 5. To study the connection to the sharp image, we plotted power spectra
of the initializations to see, whether there is any similarity with the power spectra of the
sharp image. This hypothesis did not prove to be true. Although power spectra of images
initialized according to Glorot and Kaiming scheme are very di erent and Kaiming's is
closer to the sharp images, their e ciencies are similar.

Figure 5: Power spectral densities.Left graph shows PSDs of initializations, Glorot uniform
by solid line, Kaiming uniform by dashed line. Right graph shows PSDs of images from the
Levin dataset (solid line) and two images from the Kodak dataset (dashed line).

4.3 Dierent U-net structures

The U-net image network is composed of convolutional layers, batch-normalization lay-
ers, activation functions, skip connections and upsampling and downsampling. Most of
these layers have parameters that can be altered so that the network slightly changes
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and it is possible to compare results produced by these altered networks. The consid-
ered parameter changes are a size of convolutional Iter8 ( 3 vs. 5 5), variations

of a ReLU activation (LekyReLU(0.2) vs. ReLU), a number of channels of skip con-
nections (4 vs. 16 vs. 32) and a di erent upsampling method bilinear vs. nearest
neighbour(NN))(parameter values in italics denote original SelfDeblur setting). All these
models were were optimised 0822 222 cutouts from images from Levin dataset with
randomly generated input arrays and initial weights. The deblurring was run 3 times on
Levin dataset with each image model variation and PSNR (peak signal-to-noise ratio) of
the sharp image estimates are depicted in Figure 6.

All models except for the one with 32 skip channels show slight drop in probability
of an image with PSNR around 20dB, which is a value close to PSNR of blurred images.
Images with very low PSNR around 16dB are usually images that are not plausible and
contain signi cant artifacts. Most recovered images have PSNR value only slightly lower
than 30dB, which is a value that is considered to be a threshold for a good reconstruction.
The model with 32 skip skip channels may be able to reconstruct the blurred image
easier than the other ones because of a higher ability to copy information throughout the
network.

Another di erence between models may be visible in power spectra of the recon-
structions. Model with NN upsampling returns an image with more higher frequency
information than the one with bilinear upsampling as can be seen from an example in
Figure 6. Similar observation was also mentioned by Shi et al. in [17], who proposed a
method for controlling the amount higher frequency information in a reconstructed im-
age. This may mean that the NN upsampling leads to images that contain more artifacts,
but also that it is more suitable for a reconstruction of images with sharper edges and
a lot of changes in intensity, while the bilinear upsampling produces smoother images.
Considering PSNR, the two modes do not perform signi cantly di erent. Other U-net
modi cations do not produce estimates with any distinguishable di erences in power
spectra.

5 Conclusion

In this paper, two tools for studying blind image deconvolution algorithms were used to
analyze SelfDeblur algorithm. A landscape constructed by mode-connectivity method
helped to understand di erences in initializations of the sharp image. It was shown that
although SelfDeblur starts optimization in a point closer to the no-blur solution than to
the ground-truth solution in L, norm, it is able to reach the correct sharp solution. Similar
behaviour was observed for simpler matrix model of an image, although reconstructed
images contained more artifacts. On the other hand, starting optimization from points
very close to no-blur solution, it was not able to avoid the undesired minima. One
disadvantage of this method is that it is not able to depict a complex landscape, so it can
only give an intuition of what a behaviour of an algorithm looks like.

Power spectral density plots showed that there are no obvious connections of a power
spectrum of an initialization to a power spectrum of the sharp image, but that images
with more lower frequency information may be harder to deblur. Moreover, upsampling
method in the U-net in uences the result of optimization, namely nearest neighbour
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Figure 6: Left : Histograms of PSNR of sharp image estimates from 3 runs on Levin dataset for
di erent U-net sructures. Thicker dashed line was assigned to the original setting of parameters
of SelfDeblur, solid line to the NN upsampling, dotted line to the kernel size5 5, dash-and-
dotted line to the ReLU activation, dash-and-dot-and-dotted line to 4 skip channels and thinner
dashed line to 32 skip channelsRight : PSD of reconstructed images with di erent upsampling
modes. Solid line shows bilinear upsampling, dashed line NN upsampling, dotted line PSD of
sharp image and dash-and-dot-and-dotted line PSD of the blurred image. The deconvolution
was performed on the image from Figure 1.

upsampling returns images with more higher frequency information than bilinear upsam-
pling.

References

[1] Kodak image set. http://rOk.us/graphics/kodak/. Accessed: 2022-04-13.

[2] M. E. Arican, O. Kara, G. Bredell, and E. Konukoglu. Isnas-dip: Image-specic
neural architecture search for deep image prior. In '2022 IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR)', 1950 1958, (2022).

[3] T. Garipov and et al. Loss surfaces, mode connectivity, and fast ensembling of dnns.
In 'Advances in Neural Information Processing Systems 31', 8789 8798, Montreal,
Canada, (2018). NeurlPS.

[4] X. Glorot and Y. Bengio. Understanding the di culty of training deep feedforward
neural networks Journal of Machine Learning ResearcB (2010).

[5] Y. Huang, E. Chouzenoux, and J.-C. Pesquet. Unrolled variational bayesian algo-
rithm for image blind deconvolution, (2021).

[6] D. P. Kingma and J. Ba. Adam: A method for stochastic optimization, (2014).

[7] J. Kotera, V. 'midl, and F. 'roubek. Blind deconvolution with model discrepancies
IEEE Transactions on Image Processing6 (2017), 2533 2544.

[8] J. Kotera, F. 'roubek, and V. 'midl. Improving neural blind deconvolution. In
'2021 IEEE International Conference on Image Processing (ICIP)", volume 2021,
1954 1958, Anchorage, AK, USA, (2021). IEEE.



14 A. Bro®ova

[9] A. Levin, W. Yair, D. Fredo, and W. T. Freeman. Understanding blind deconvolution
algorithms |IEEE Trans Pattern Anal Mach Intell 33 (2011), 2354 2367.

[10] A. Levin, Y. Weiss, F. Durand, and W. T. Freeman.Understanding and evaluating
blind deconvolution algorithms 2009 IEEE Conference on Computer Vision and
Pattern Recognition, CVPR 2009 (2009), 1964 1971.

[11] A. C. Likas and N. P. GalatsanosA variational approach for bayesian blind image
deconvolution IEEE Transactions on Signal Processing2 (2004), 2222 2233.

[12] J. Miskin and D. J. C. MacKay. Ensemble learning for blind image separation and
deconvolution In 'Advances in Independent Component Analysis’, Springer (2000),
123 141.

[13] R. Molina, J. Mateos, and A. K. KatsaggelosBlind deconvolution using a variational
approach to parameter, image, and blur estimationlEEE Transactions on Image
Processingl5 (2006), 3715 3727.

[14] D. Perrone and P. Favaro.A clearer picture of total variation blind deconvolution
IEEE Trans Pattern Anal Mach Intell 38 (2016), 1041 1055.

[15] D. Ren and et al. Neural blind deconvolution using deep priors. In '2020 IEEE/CVF
Conference on Computer Vision and Pattern Recognition (CVPR)', 3338 3347, Seat-
tle, WA, USA, (2020). IEEE.

[16] O. Ronneberger, P. Fischer, and T. BroXJ-net: Convolutional networks for biomed-
ical image segmentationin 'Medical Image Computing and Computer-Assisted In-
tervention MICCAI 2015, Springer, Cham (2015), 234 241.

[17] Z. Shi, P. Mettes, S. Maji, and C. G. Snoek.On measuring and controlling the
spectral bias of the deep image priointernational Journal of Computer Vision 130
(4 2022), 885 908.

[18] D. Tzikas, A. Likas, and N. Galatsanos.Variational bayesian sparse kernel-based
blind image deconvolution with student's-t priorslIEEE Transactions on Image Pro-
cessingl8 (2009), 753 764.

[19] D. Ulyanov, A. Vedaldi, and V. Lempitski. Deep image prior. In '2018 IEEE/CVF
Conference on Computer Vision and Pattern Recognition', 9446 9454, Salt Lake
City, UT, USA, (2018). IEEE.

[20] D. Wipf and H. Zhang. Revisiting bayesian blind deconvolutionJournal of Machine
Learning ResearcHl5 (2014), 3775 3814.

[21] Q. Zhao, H. Wang, Z. Yue, and D. MengA deep variational bayesian framework for
blind image deblurring Knowledge-Based System249 (2022), 109008.

[22] Z. Zhuang, T. Li, H. Wang, and J. Sun. Blind image deblurring with unknown kernel
size and substantial noise, (2022).



Scalable Graph Size Reduction
for E cient GNN Application

Marek D¥di£

3rd year of PGS, email:dedicma2@fjfi.cvut.cz
Department of Mathematics
Faculty of Nuclear Sciences and Physical Engineering, CTU in Prague

advisors:

Martin Hole-a, Department of Adaptive Systems
Institute of Computer Science, CAS

Lukaz Bajer, Cisco Systems, Inc.

Abstract.  Graph neural networks (GNNs) present a framework for representation learning
on graphs that has been dominant for the past several years. The main strength of GNNs
lies in the fact that they can simultaneously learn both from node-related attributes as well as
relations between nodes, represented by edges. In tasks leading to large graphs, a GNN often
requires signi cant computational resources to achieve its superior performance. In order to
reduce this computational cost, methods allowing for a exible balance between complexity and
performance could be useful. In this work, we propose a simple, scalable, task-aware graph
pre-processing procedure that allows us to obtain a reduced graph in such a manner that the
GNN achieves a prede ned desired performance level on the downstream task in question. In
addition, the proposed pre-processing allows for tting the reduced graph and GNN into given
memory/computational resources.

The pre-processing procedure is built on the elementary operation of graph edge contraction.
By contracting the edges of the graph one-by-one, a sequence of graphs is obtained, starting with
the original one and ending with a graph with no edges and one node per each connected com-
ponent of the original graph. For each graph in this sequence, a tuple (performance, complexity)
can be obtained, where in our work, performance is measured as the accuracy of a classi er on
the given downstream task and complexity is measured as the number of nodes in the particular
graph. Using these values, the sequence of graphs generated by the pre-processing procedure
traces a path in the performance-complexity space. The aim of our work is to study the prop-
erties of such a path, with a particular interest in nding a point with the best performance
for a given complexity budget, or, conversely, nding the point of lowest complexity for a given
required minimal performance.

The edge contraction procedure is driven by an ordering of the edges of the original graph,
which in turn de nes the aforementioned sequence of graphs. In our work, we de ne this ordering
by measuring the similarity of the predictive posterior distribution of labels of the nodes incident
on the edge in question. The choice of a similarity measure is explored experimentally, together
with several ways of computing the predictive posterior distribution based on a simpli ed model
speci ¢ to the given task.

Additionally, when contracting an edge, a feature aggregation strategy must be de ned, as
well as a label aggregation strategy. A simple weighted average was used, where the weights
are given for the feature aggregation strategy by the number of nodes from the original graph
that are represented by a given node. For the label aggregation strategy, similarly, a weighted
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average of the label distributions of both nodes was used, with the weights representing the
number of training nodes represented by a given node. Moreover, when an intermediary graph
is to be used for predictions on the original graph, a label re nement strategy is needed in the
cases where multiple nodes of the original graph are represented by one node in the intermediary
graph. For this strategy, a simple copying of labels was used. This choice of label re nement,
however, de nes an upper bound on the performance that can be obtained on any given graph
in the sequence.

The proposed preprocessing is evaluated and compared with several reference scenarios on
conventional GNN benchmark datasets. The performance of the algorithm is compared to the
theoretical upper bound de ned by the label re nement strategy and the impact of the edge
ordering procedure on the performance-complexity characteristics of the algorithm is studied.
The main result of this work is that the proposed pre-processing allows for a signi cant reduction
in the number of nodes of a given graph (in some cases, up to 50%) without a major impact on
the performance.

Keywords: Graph neural network, Complexity reduction, Hierarchical clustering, Big data

Abstrakt.  Grafové neuronové sit¥ (GNN) p°edstavuji v poslednich letech dominantni nastroj
pro reprezenta£ni u€eni na grafech. Hlavnim p°inosem GNN je fakt, °e se dok&®i ufit zarove- z
p°iznak- vrchol- a jejich vzajemnych vztah-, reprezentovanych hranami. P°i °e2eni Uloh vedou-
cich na velké grafy pot°ebuji GNN £asto velké mno°stvi vypo£etnich zdroj- aby dosahly svého
vysokého vykonu. Za Ufelem sni®eni t¥chto vysokych vypo£etnich narok- mohou byt ulite£né
metody dovolujici exibilni kompromis mezi kvalitou p°edpov¥di a vypo£etni sloitosti. V této
praci navrhujeme jednoduchy, 2kalovatelny, na Uloze zavisejici algoritmus pro p°edzpracovani
graf- tak, aby vysledny graf byl zjednodu2eny takovym zp-sobem, aby neuronova si” dosahla
po°adovaného vykonu na p°edde nované cilové Uloze. Navrhované p°edzpracovani navic umo®-
-uje p°izp-sobeni redukovaného grafu a modelu dostupnym vypo£etnim zdroj-m a pamti.

Algoritmus pro p°edzpracovani je postaven na zakladni operaci kontrakce hrany grafu. P°i
kontrakci hran jedné po druhé dostdvame posloupnost graf-, po£inaje origindlnim a konf£e grafem
bez hran, kde ka°da komponenta p-vodniho grafu je kontrahovana do jednoho vrcholu. Pro
ka°dy graf v této posloupnosti Ize ur£it dvojici (vykonnost, slo®itost). V tomto dile je vykonnost
m¥°ena jako p°esnost klasi kdtoru na dané, p°edem speci kované Uloze a sloCitost je m¥°ena
po£tem vrchol- zjednodu2eného grafu. Pomoci t¥chto hodnot Ize posloupnost graf- generovanou
algoritmem vykreslit jako cestu v prostoru vykonnost-slo®itost. Cilem této prace je studium
vlastnosti takovéto cesty s mimo°adnou pozornosti na hledani bodu s nejlep?im vykonem pro
dané vypo£etni mo®°nosti nebo naopak bodu s nejmen?i vypo£etni slo®itosti p°i dosa®eni daného
minimalniho vykonu.

Algoritmus zjednodu2ovani grafu je postaven na se®azeni hran p-vodniho grafu, které skrze
jejich kontrakci vyuasti ve vy2e zmin¥nou posloupnost graf-. V této praci de nujeme takové °a-
zeni hran pomoci podobnosti prediktivniho posteriorniho pravd¥podobnostniho rozd¥leni t°id
vrchol- p°iléhajicich na danou hranu. Volba podobnostni miry je zkoumana experimentaln¥,
stejn¥ tak jako n¥kolik zp-sob- vypo£tu prediktivhiho posteriorniho pravd¥podobnostniho roz-
d¥leni pomoci jednoduchych model- speci ckych pro danou ulohu.

P°i kontrakci hran musi navic byt speci kovany strategie pro agregaci p°iznak- a t°id vrchol-
grafu. V této praci bylo pou®it vaeny pr-m¥r, kde pro agregaci p°iznak- byly vahy urfeny jako
pofet vrchol- p-vodniho grafu, které jsou reprezentovany danym vrcholem. Pro agregaci t°id
byl obdobn¥ pouCit vaeny pr-m¥r pravd¥podobnostnich rozd¥leni t°id obou vrchol-, kde vahy
byly urfeny jako pof£et vrchol- z trénovaci sady, které jsou reprezentovany danym vrcholem.
V p°ipad¥, kdy je graf z posloupnosti pou®it pro klasi kaci na p-vodnim grafu je navic zapot°ebi
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de novat strategii pro zjem-ovani t°id v situaci, kde jeden vrchol daného grafu odpovida n¥kolika
vrchol-m p-vodniho grafu, potencialn¥ s r-znymi t°idami. Jako tato strategie bylo pouCité
jednoduché kopirovani t°id. Tato volba zjem-ovani t°id de nuje horni mez vykonu, ktery m-°e
byt dosa’eny pro dany graf z posloupnosti.

Navrhované p°edzpracovani grafu je vyhodnoceno a porovnano s n¥kolika referenEnimi sce-
na°i na datasetech b¥zn¥ vyuCivanych pro vyhodnocovani grafovych neuronovych siti. Vykon
algoritmu je srovnan s teoretickou horni mezi urfenou strategii zjem-ovani t°id a je studovan
vliv °azeni hran grafu na charakteristiku vykonu a slo®itosti. Hlavnim vysledkem této prace je,

% navrhované p°edzpracovani grafu umo®-uje vyrazné sni®eni sloitosti (v n¥kterych p°ipadech
a® 0 50% vrchol-) bez vyznamn¥j2iho dopadu na vykon.

Klifova slova: Grafova neuronova si’, Redukce sloCitosti, Hierarchické shlukovani, Big data

Full paper: P. Prochazka, M. Mare2, and M. D¥di£. Scalable Graph Size Reduction
for E cient GNN Application. In 'Proceedings of the 22nd Conference Information
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Abstract. In the past decades, computational uid dynamics (CFD) has begun to be incor-
porated into clinical examinations as an enhancement of previously used methods. One of the
non-invasive methods used so far is the phase-contrast magnetic resonance imaging (PC-MRI)
technique. In this case, CFD can be used to eliminate the inaccuracy of PC-MRI, such as low
spatial resolution of the acquired data or signal-to-noise ratio. Furthermore, it can be used to
provide additional information, where PC-MRI fails to provide reliable data. A typical area
where PC-MRI does not provide su ciently accurate data is the area of turbulent ow, which
occurs, for example, in pathologically narrowed areas.

Blood is generally considered a non-Newtonian uid. The non-Newtonian properties occur
mainly in small vessels with diameters approaching the dimensions of the individual blood com-
ponents. However, in large vessels, blood is typically considered to behave as a Newtonian uid.
It is not yet known whether some non-Newtonian properties of blood play a signi cant role in
ow in pathological areas, e.g. turbulent ow in a narrowed vessel or through a stenotic valve.

One of the key features of the design of the CFD method for the enhancement of PC-MRI data
is the computational time, which should not be larger than the measurement time. One option
is to use the lattice Boltzmann method (LBM). The advantage of this method is the e cient
implementation on graphics cards which can speed up numerical simulations. On the other
hand, a non-Newtonian model for the simulated uid a ects the computational requirements
even when using LBM.

In this contribution, the e ect of Newtonian and non-Newtonian LBM models was inves-
tigated using three dierent uids and three aortic valves with di erent severity of stenosis.
Numerical simulations were compared with experimental data obtained by PC-MRI. A plastic
model (phantom) of the aortic valve with pathological narrowing was used for the experiment.
Three uids were used in the experiment: water, glycerol solution with xanthan gum (GX) and
sucrose solution with xanthan gum (SX). The GX and SX uids represent non-Newtonian uids
with properties similar to human blood.

Based on the severity of the pathological narrowing and the magnitude of ow, the results
show that Newtonian models provide comparable results to obtained experimental data, which

"The work was supported by the Ministry of Health of the Czech Republic project No. NV19-08-
00071,by the Ministry of Education, Youth and Sports of the Czech Republic (MEYS) under the OP
RDE grant number CZ.02.1.01/0.0/0.0/16_019/0000765 Research Center for Informatics, and by the
project SGS20/184/0HK4/3T/14 of the Student Grant Agency of the Czech Technical University in
Prague.
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is in favour of overall less expensive Newtonian models.

Keywords: Non-Newtonian uid, Phase-contrast magnetic resonance imaging, Lattice Boltz-
mann method, Turbulent uid ow, Carreau-Yasuda model

Abstrakt. Vv poslednich letech se do klinického vy2et®eni zafala zapojovat vypo£etni dyna-
mika tekutin (CFD), jako°to prvek obohacujici doposud poucivané metody. Jednou z doposud
poulivanych neinvazivnich metod je m¥°eni pomoci magnetické rezonance s aplikaci fazového
kontrastu (PC-MRI). CFD Ize v tomto p°ipad¥ pou®it k odhaleni nedokonalosti této m¥°ici
techniky, jako je odstran¥ni nizkého rozlieni ziskanych dat a odsran¥ni 2umu, £i k ziskani do-
datef£nych informaci v mistech, kde PC-MRI nedok&®e poskytnout v¥rohodna data. Typickou
oblasti, kde PC-MRI neposkytuje dostate£n¥ p°esna data je oblast turbulentniho toku, ktery se
nap°®iklad vyskytuje v patologicky z-°enych oblastech.

Krev je obecn¥ pova®ovana za nenewtonovskou tekutinu. Tato vlastnost se projevuje p°eva’n¥
v malych cévach o pr-m¥rech, které se bli° rozm¥r-m jednotlivych slo®ek krve. Oproti tomu ve
velkych cévach se vlastnosti krve spi2e podobaji vlastnostem newtonovské kapaliny. Neni dosud
znamo, zda p°i proud¥ni v patologickych oblastech, nap®. p°i turbulentnim proud¥ni v zu°ené
cév¥ nebo p°es stenotickou chlope—-, nehraji roli n¥které nenewtonovské vlastnosti krve.

Jedno z klifovych vlastnosti p°i navrhu CFD pro dopin¥ni PC-MRI dat je vypo£etni £as,
ktery by n¥m¥| byt p°ili2 v¥t2i ne® je £as samotného m¥°eni. Jednou z mo°nosti pro CFD je pouCit
metodu m°i°kové Boltzmannovy metody (LBM). Vyhodou této metody je, °e se da efektivn¥
implementovat na gra ckych kartach co® znaEn¥ urychli numerické simulace. Na druhou stranu,
pouCiti nenewtonovského podelu pro simulovanou tekutinu ovlivni vypo£etni naroky i v p°ipad¥
pouCiti LBM.

V ramci tohoto p°isp¥vku prob¥hla studie vlivu pouCiti newtonovského a nenewtonovského
modelu LBM pro t°i r-zné tekutiny a t°i r-zn¥ va°né patologické z-°eni aortalni chlopn¥. Nu-
merické simulace byly srovnany s experimentalnimi daty ziskanymi pomoci PC-MRI. Pro ex-
periment byl pou®it plastovy model (phantom) aortalni chlopn¥ s patologickym z-°enim. V
experimentu byly celkem pouCité t°i tekutiny: voda, roztok glycerolu s xantanovou gumou (GX)

a roztok sacharézy s xantanovou gumou (SX). Tekutiny GX a SX p°edstavuji nenewtonovské
tekutiny a svymi vlastnostmi se podobaji lidké Kkrvi.

Vysledky ukazuji na zaklad¥ typu va®nosti patologického z-°eni a velikosti pr-toku, °e new-
tonovské modely poskytuji srovnatelné vysledky s experimentaln¥ ziskanymi daty, co® je ve
prosp¥ch celkov¥ levn¥j2ich newtonovskych model-.

Klifova slova: nenewtonovska tekutina, zobrazeni pomoci magnetiské rezonance s aplikaci fa-
zového konetrastu, me°i°kova Boltzmannova metoda, tubrbulentni proud¥ni, Carrea-v-Yasud-v
model.

Full paper: This paper [1] is under review in CAMWA and summarizes results of the
research group engaged in project no. NV19-08-00071.
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Abstract. A common approach in robotics is to learn tasks by generalizing from special
cases, so-called demonstrations [3]. These are given by a demonstrator [2], for example, in
the form of a trajectory optimization method [1]. In this paper, we apply this paradigm to a
general control synthesis setting. We present an algorithm that uses such a demonstrator to
automatically synthesize a feedback controller for steering ordinary di erential equations into a
goal set. The resulting control law switches between the demonstrations that it uses as reference
trajectories.

This synthesis algorithm constructs the desired controller using a loop that (1) learns a
control law, generalizing the current demonstrations to the whole statespace, (2) searches for a
counter-example to the desired properties of this control law, and (3) queries the demonstrator
for a new demonstration from this counter-example. It iterates this loop until the result is good
enough. During this process, it maintains a Lyapunov-like reachability certi cate to reduce
the simulation time needed in the counter-example search. The algorithm extends construction
of control laws based on demonstrations, namely LQR-trees [4, 5], and learning certi cates of
system behaviour from data/demonstrations [2].

We prove that under some mild assumptions, nitely many cycles of this loop generate a
controller that steers the system into the goal set. This is a signi cantly stronger result than
in [4, 5], which only describes the behaviour of the algorithm for the number of iterations
tending to in nity. Moreover, we prove that the generated controllers asymptotically reach the
performance of the demonstrator.

We also do computational experiments on several examples of dimension up to twelve
that demonstrate the practical applicability of the method. We compare our algorithm with
controller synthesis fully based on system simulations [4]. In this comparison, our synthesis al-
gorithm runs signi cantly faster (between 50% and 95%), while producing controllers of similar
performance.

Keywords: nonlinear systems, motion planning, learning from demonstrations

Abstrakt. U£eni se z nazornych p°iklad-, tzv. demonstraci [3], je b¥°nym p°istupem k °e2eni
Uloh v robotice. Tyto demonstrace jsou poskytnuty demonstratorem [2], nap®iklad v podob¥
°e?ife optimalizace trajektorie [1]. V tomto £lanku pouCijeme tento postup pro obecnou ulohu
syntézy °izeni. P°edstavime algoritmus, ktery vyuliva demonstrace k napo£itani zp¥tnovazeb-
ného °izeni, které °idi systém popsany soustavou oby£ejny diferencialnich rovnic do dané mno®iny

" This work was supported by the project GA21-09458S of the Czech Science Foundation GA fR and
institutional support RVO:67985807.
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cilovych stav-. Toto °izeni p°epina mezi demonstracemi, které pouCiva jako referen£ni trajekto-
rie.

Algoritmus napo£itava °izeni opakovanim smy£ky, ve které (1) se algoritmus nauf£i °izeni z
mnoCiny demonstraci, (2) nasledn¥ hleda protip®iklady s po®adovanymi vlastnostmi sestavova-
ného °izeni, a (3) zav¥rem algoritmus doplni mno®inu demonstraci z nalezenych protip°iklad-
pomoci demonstratoru. Tato smy£ka se opakuje dokud nalezené °izeni neni dostate£n¥ dobré.
V pr-b¥hu b¥hu, algoritmus vyuCiva Ljapunovsky certi kat, ktery umo®-uje vyznamn¥ zkratit
simulagni £as nutny k vyhodnoceni protip°iklad-. Algoritmus tak roz2i°uje konstrukci °izeni z
demonstraci, jmenovit¥ LQR-stromy [4, 5], a ufeni se certi kdtu z dat/demonstraci [2].

Doka®eme za mirnych p°edpoklad-, °e algoritmus poskytuje °izeni, co dovede systém do
mnoCiny cilovych stav-, po kone£n¥ mnoha iteracich smy£ky. Toto je vyznamn¥ siln¥j2i vysledek
ne® ten uvedeny v [4, 5], ktery pouze popisuje chovani algoritmu pro po£et iteraci jdouci do
nekone£na. Dale ukd®eme, °e vygenerované °izeni dosahuje asymptoticky chovani demonstratoru.

V £lanku poskytneme vypo£etni experimenty na Glohach a° do dimenze dvanact, které uka-
zuji praktické uCiti na2i metody. Té® porovname na? algoritmus s algoritmem zalo®enym Eist¥
na simulacich systému [4]. Uk&°eme, %e na2 algoritmus b¥°i znateln¥ rychleji (0 50% a°® 95%),
p°i£em?® produkuje °izeni obdobného vykonu.

Klifova slova: nelinearni systémy, planovani pohybu, ufeni se z demonstraci

Full paper: Ji°i Fejlek and Stefan Ratschan. Computation of Feedback Control Laws
Based on Switched Tracking of Demonstrations, arXiv:2011.1263&tps://arxiv.org/
abs/2011.12639), 2022.
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Abstract. Anomaly Detection can be viewed as an open problem despite the growing plethora
of known anomaly detection techniques. The applicability of various anomaly detectors can
vary depending on the application area and problem settings. Especially in the Big Data indus-
trial setting, an important problem is inference speed, which may render even a highly accurate
anomaly detector useless. In this paper, we propose to address this problem by training a sur-
rogate neural network based on an auxiliary training set approximating the source anomaly
detector output. We show that existing anomaly detectors can be approximated with high ac-
curacy and with application-enabling inference speed. We compare our approach to a number
of state-of-the-art algorithms: one classk-nearest-neighbors KNN), local outlier factor, isola-
tion forest, auto-encoder, and two types of generative adversarial networks. We perform this
comparison in the context of an important problem in cyber-security - the discovery of outly-
ing (and thus suspicious) events in large-scale computer network tra c. Our results show that
the proposed approach can successfully replace the most accurate but prohibitively sldeNN.
Moreover, we observe that the surrogate neural network may even improve thieNN accuracy.
Finally, we discuss various implications that the proposed approach can have while reducing the
complexity of applied anomaly detection systems.

Keywords: Anomaly Detector, Neural Network, Model Transfer, Detector Ensemble

Abstrakt.  Na detekci anomalii 1ze pohli®et jako na otev°eny problém navzdory rostoucimu
mno°stvi znamych technik detekce. PouCitelnost r-znych detektor- se m-°e li2it v zavislosti na
oblasti pouCiti a dalfich podminkach. Zejména v pr-myslovéem prost°edi velkych dat je d-le®i-
tym faktorem rychlost inference, kterd m-°e zp-sobit, °e i vysoce p°esny detektor nebude dob°e
aplikovatelny. V tomto £lanku navrhujeme vy°ezit tento problém trénovanim zastupné neuronové
sit¥ (surrogate neural network) zalo®ené na pomocné trénovaci sad¥ aproximujici vystup zdrojo-
vého detektoru. Ukazali jsme, e stavajici detektory anomalii Ize aproximovat s vysokou p°esnosti
a rychlosti. Tento p°istup porovnavame s °adou nejmodern¥j2ich algoritm- jako jsou one class
k-nearest-neighbors KNN), local outlier factor, isolation forest, auto-encoder a dva dal?i typy
generativnich neuronovych siti. Toto srovnani provadime v kontextu kybernetické bezpe£nosti
odhalovani anomalnich (a tedy podez®elych) udalosti v provozu pofitatové sit¥. Vysledky uka-
zuji, °e navrhovany p°istup m-°e Usp¥2n¥ nahradit nejp°esn¥j2i, ale nelUm¥rn¥ pomaly detektor
one-claskNN. Navic pozorujeme, °e nahradni neuronova si” m-°e dokonce zlep?it jeho p°esnost.
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Zav¥rem demonstrujeme r-zné pozitivni d-sledky, které navrhovany p°istup p°ina2i zarove- se
sniujici sloCitosti aplikace pro systémy detekce anomalii.

Klifova slova: Detekce anomalii, neuronove sit¥, transfer modelu, spojeni detektor-
Full paper: M. Flusser and P. Somol. E cient anomaly detection through surrogate

neural networks. Neural Computing and Applications (2022), 1 15. URL:https://
rdcu.be/cQKLk
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Abstract. In this paper, we present a detailed numerical scheme for a single-phase compressible
ow without di usion of a multi-component mixture in porous media with the higher-order
approximation in both space and time. The mathematical model consists of Darcy velocity,
transport equations for each component of a mixture, pressure equation and associated relations
for physical quantities such as viscosity or equation of state. The discrete problem is obtained
using a combination of the discontinuous Galerkin method for the transport equations and
the mixed-hybrid nite element method for the Darcy velocity and the pressure equation. In
both methods the higher-order approximation is used. The resulting nonlinear problem for
concentrations is solved with the fully mass-conservative iterative IMPEC method. Experimental
order of convergence analysis (EOC) and some numerical experiments of a 2D ow are carried
out.

Keywords: Single-phase ow, Multi-component ow, Discontinuous Galerkin, Mixed-hybrid -
nite element method, Raviart-Thomas space, Higher-order approximation, IMPEC scheme

Abstrakt. Tato prace se zabyva detailnim popisem numerického °e2eni jednofazového, stlafi-
telného proud¥ni viceslokové sm¥si bez difuze v poréznim prost°edi pomoci metod vy22iho °adu
p°esnosti v prostoru i £ase. Matematicky model je popsan Darcyho rychlosti, rovnici transportu
pro ka°dou slo°ku sm¥si, tlakovou rovnici a konstituEnimi vztahy (nap°. stavova rovnice). K
°e2eni jsme zvolili p°istup zalo®eny na kombinaci hybridni verze metody smi2enych kone£nych
prvk- pro °e2eni tlakového a rychlostniho pole a nespoijité Galerkinovy metody pro °e2eni trans-
portnich rovnic. Uvedené metody jsou vy?iho °adu p°esnosti. Vysledny problém je °e2en pomoci
iterovaného IMPEC schématu. VW22 °ad p°esnosti metod je ov¥°en pomoci experimentalni kon-
vergen£ni analyzy. PouCitelnost modelu je ilustrovana na n¥kolika numerickych experimentech.

Klifova slova: Jednofazové proud¥ni, Proud¥ni viceslo®kové sm¥si, Nespojita Galerkinova meto-
da, Hybridni verze metody smi2enych kone£nych prvk:, Raviart-v-Thomas-v prostor, Metoda
vy22iho °adu p°esnosti, Schéma IMPEC

Full paper: Gaélis P. and Miky2ka J. Mathematical modeling of the multicomponent ow
in porous media using higher-order methods. Submitted tdournal of Computational
Physics (2022).

"The work has been supported by the projects LTAUSA19021 of the Czech Ministry of Education,
Youth, and Sports, and 21-09093S of the Czech Science Foundation.
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Abstract. The revision of classical methods for spectral and walk dimension estimates is the main
aim of the contribution. Being focused on the unbiased estimation of the walk and spectral
dimensions, we aim to construct the estimates with the minimal mean square error. Accom-
panied simulation experiments are performed on nite substrates, spacial structures serving
as a good model of both continuum and fractal sets. We compare the classical approach based
on the log-log transform of asymptotic models of returning probabilities and the second moments,
and we also develop a weighted approach to improve the statistical properties of dimension es-
timates. The other discussed aspect is whether to simulate di usion using the classical graph
di usion model with zero probability of staying in the same vertex or to prefer the physically
motivated model of di usion over edges with the optimal value of jump probability. Finally,

we present the results of simulation experiments on two-dimensional nite substrates which ap-
proximate the continuum and selected Sierpinski gaskets and carpets. The contribution also
summarises general suggestions based on the obtained results from the simulation experiments.

Keywords: di usion modelling, dimension estimation, fractal substrate, graph representation,
spectral dimension, walk dimension.

Abstrakt.  P°isp¥vek si klade se cil revizi klasickych metod pro odhady spektralni dimenze a di-
menze nahodné prochazky. D-raz je kladen na nestranny odhad dimenze s minimalni st°edni
kvadratickou chybou. Doprovodné simula£ni experimenty jsou provedeny na kone£nych substra-
tech, prostorovych strukturach slou®ici jako dobry model kontinua i fraktalnich mno®in. Je pou®it
klasicky p°istup zalo®eny na log-log transformaci asymptotickych model- navratovych pravd¥-
podobnosti a druhych moment-. Také je p°edstaven valeny p°istup ke zlep2eni statistickych
vlastnosti odhad- dimenze. Déle jsou porovnany simulace difize pomoci klasického grafového
modelu s nulovou pravd¥podobnosti setrvani ve stejném vrcholu a fyzikaln¥ motivovany model
difuze s optimalni hodnotou pravd¥podobnosti skoku. Jsou p°edstaveny vysledky simulagnich
experiment- na dvourozm¥rnych kone£nych substratech, které aproximuji kontinuum a vybrané
Sierpinského mnoCiny. P°isp¥vek také shrnuje obecné navrhy pro odhad dimenze na zaklad¥
ziskanych vysledk: ze simulaEnich experiment-.

Klifova slova: difizni model, odhad dimenze, fraktalni substrat, reprezentace grafy, spektralni
dimenze, dimenze ndhodné prochazky.
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Abstract. We investigate the phase stability of a multicomponent mixture at constant volume,
temperature and moles (VTN stability). Our work is based on the TPD criterion derived in [1]
and the branch and bound algorithm from [2]. In this contribution, we improve the algorithm
from [2] with more e ective bounding strategy. This improvement is achieved using the necessary
condition of optimality. In the bounding step of the algorithm, before solving an underestimated
convex optimization, we check whether the pressure (given by the Peng-Robinson equation of
state) is feasible. If it is not the case, we can exclude the corresponding part of the feasible
set from the search. The Peng-Robinson equation of state is not convex and therefore leads
to a non convex optimization problem which is computationally expensive. We propose to use
a less precise estimate of the global maximum of the pressure. This estimate can be found
by comparing the nite number of the values of the tangent plane to a concave overestimate
of the Peng-Robinson equation of state. Another benet of this additional step is to avoid the
optimization of the underestimated objective function. The proposed method is tested on several
speci ¢ examples.

Keywords: phase stability, global optimisation, convex-concave split, branch and bound method,
multi component mixtures

Abstrakt. Zkoumame fazovou stabilitu viceslo®kovych sm¥si za konstantniho objemu, teploty
a molarni koncentrace (VTN formulace). Tato prace je zalo®ena na kritériu odvozeném v [1]
a metod¥ v¥tvi a mezi z [2]. V tomto p°isp¥vku zlep2ujeme algoritmus z [2] o lep?l zamitani
neperspektvnich oblasti p°ipustné mno®iny. Tohoto vylep2eni je dosaeno s uplatn¥nim nutnych
podminek optimality. V kroku mezi, p°ed °e2enim podhodnoceného konvexniho problému, zkon-
trolujeme, zda je tlak (dany Pengovou-Robinsonovou stavovou rovnici) p°ipustny. Pokud tomu
tak neni, jsme opravn¥ni tuto £4st p°ipustné mnoCiny vy°adit z hledani. Pengova-Robinsonova
stavova rovnice neni konvexni a tedy je jeji globalni optimalizace vypo£etn¥ ndro£na. Navrhujeme
pouCiti mén¥ p°esného odhadu globalniho maxima tlaku. Tento odhad m-°e byt nalezen porovna-
nim kone£ného po£tu bod- na teEné nadroviny k nadhodnocené konkavni Pengov¥-Robinsonov¥
stavové rovnici. Dal?i vyhoda tohoto kroku je vyhnuti se optimalizace U£elové funkce. Metoda
je testovana na n¥kolika p°ikladech z literatury.

" This work has been supported by the Ministry of Education, Youth and Sports of the Czech Republic
under the OP RDE grant number CZ.02.1.01/0.0/0.0/16 019/0000778 Centre for Advanced Applied
Sciences, and by the Czech Science Foundation project no. 21-09093S.
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Klifova slova: dazova stabilita, globalni optimalizace, konvexn¥-konkavni rozklad, metoda v¥tvi
a mezi, viceslokové sm¥si

Full paper: M. Jex, J. Miky%ka, An improved branch and bound algorithm for phase sta-
bility testing of multicomponent mixtures (2022). Manuscript submitted for publication
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Abstract. Deep learning methods are capable to t complicated structures and provide state-
of-the-art results in many domains. However, they are usually dense and over-parametrized
and can be pruned signi cantly with selected sparsi cation techniques. Moreover, they might
provide less accurate results when available training data sets cover only a part of the targeted
domain. This can be overcome through a modi ed model architecture, combined with suitable
sparsity technique. Example of such architecture is the so-called equation learning model that
is presented in this article. The impact of distinct sparsity techniques employed in this model is
experimentally analyzed and compared.

Keywords: Sparsity techniques, equation learning, regularization.

Abstrakt. Metody hlubokého uf£eni dok&°i °ezit komplikované ulohy v mnoha oblastech. Jsou
v2ak zpravidla p°eparametrizované s hustymi maticemi parametr-, které mohou byt vyznamn¥
pro°ezané za pomoci technik hledani °idkych °e2eni. Navic mohou vykazovat horzi vysledky, po-
kud dostupna trénovaci data pokryvaji pouze £ast oblasti jejich pou©iti. To m-%e byt p°ekonano
pomoci speci cké konstrukce modelu kombinované s vhodnou metodou pro hledani °idkych °e-
2eni. Jednim z mo®nych °e2eni je tzv. model u£eni rovnic, ktery je prezentovan v tomto £lanku.
Hlavni pozornost je v¥novana vlivu r-znych pouCitych metod °idkosti na vystupy tohoto modelu

a jejich porovnani.

Klifova slova: Metody °idkych °e2eni, u£eni rovnic, regularizace.

1 Introduction

Deep learning methods have become widely deployed in many domains within last years.
They are easily able to t complicated functions with very large number of parameters.
Nonetheless, classical deep learning models usually su er from the following draw-
backs. First, they are usually dense and over-parametrized and can be pruned signi -
cantly without substantial impact on learning accuracy. This over-parametrization brings
the need for more computational power and memory, resulting in more costly methods,
hence, higher energy consumption required for calculations. Second, they are prone to
over tting which may lead to learning noisy patterns in training data. As a results, these
models can show great performance on training data but demonstrate poor results on
testing data. Third, many of the models provide black box solutions with di cult in-
terpretability of models and their outcomes. All these drawbacks can be addressed by
sparsi cation techniques. Such methods take complex, dense models at the start with
the aim to prune such parameters that bring no or negligible additional value to their
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performance and explanatory power (hence, such models can still utilize complex and
exible model structures as opposed to variable selection techniques which aim to prune
input data rst and then to adopt simpler models). Sparsity techniques are discusssed in

Section 3.

Variety of real-world problems that can be described as regression tasks can be ex-
pressed by analytical expression (e.g., mechanical and natural systems), often modeled
by complex, non-linear functions. Although such functions may be well approximated by
neural networks, it may be bene cial to incorporate a selected set of functions into the
model architecture, based on prior knowledge. Such architecture is the key focus of this
article and is discussed in Section 2.

Throughout this article, a data setD with N independent and identically distributed
input output pairs is considered:D = f(xi;yi)giN:1 with regressorsx = fxigiN:1 X 2 R™
and targetsy = fyigi'\':1 Yi 2 R". The aim is to nd parametrization of a function
h(j):R™! R"in parametrization space such that

!
1 X
LO)=5 1)) +R()

i=1

is minimized for 2 . Functional forms of the regression function, the loss functionl
and the regularization termR are given as model assumptions. In this article is either
a neural network or its enhancements.

2 Equation learning

Classical neural network-based models usually provide black box solutions. However, in
some domains like natural sciences, models that provide interpretable results that serve
for deeper understanding of a given problem are desired. For instance, it is bene cial to
derive a model that can be described by an explicit set of equations, with preferences
for simpler equations if possible. Such models often include distinct types of functions
including trigonometric functions (e.g., the sinus function in the longitudinal wave equa-
tion). Classical neural networks may provide good approximations to such equations;
however, they cannot provide a resulting equation unless their architecture is designed
for that purpose.

Moreover, in real world application, it may often happen that available data sets cover
only a part of the targeted domain. In other words, it is in particular interest not only the
guestion how a model is capable to interpolate data coming from the same distribution,
but also how can extrapolate and predict results outside the training range.

To overcome these drawbacks, the so-called equation learning model with speci cally
designed layers was proposed. The pivotal work in this domain is [12]. The notation and
architecture in this article is primarily based on this reference. Modi cations of this
architecture were proposed in [15] with focus on an architecture suitable for equations
with division, [2] with a modi ed architecture inducing a sparse model by construction
and [6] with further modi cations and applications in a broad range of tasks.
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2.1 The model

The model is based on a multilayer feed forward neural network with fully connected lay-
ers. Additional calculation units are added to serve for the above described problematics.
Let us consider a model withL layers. The base of each layer is a classical fully con-
nected network, withI-th layer asz() = WOy D+ gD wherez(® 2 Rk, w) 2 Rkidi 1
is the weight matrix, b 2 R¥ is the bias vector andy!' ¥ 2 RY 1 is the output of the
previous (I 1)-th layer. For the rst layer, the inputs are the regressorsy©® = x. The
model parameters to be trained are the weight matrice&/ (" and the bias vectorss!) for
[=1;:::L 1

Instead of using common activation functions (e.g., the RELU function or the hy-
perbolic tangent function) to z("’, special transformation functions are introduced in the
model forl =1;:::;L 1. The rst u elements ofz{) are transformed through the so-
called unary units f = (fq;:::;fy), univariate functionsf; : R! R;i =1;:::u. That
is, the rst u elements of thel-th layer output y() are in the form

yi(') = fi zi(') ;o i=1;00u

The number of unary functionsu must be taken such that the number of remaining
elementsk; u is even. Selection of the functions may depend on a studied domain and
might be based on an expert judgement or a prior knowledge of studied problem. A
common selection of the unary units i$ = (sin;cos; ;I ), wherel denotes the identity
function and the sigmoid function (x) = Wl(x)

The remaining 2v elements,2v = k u; are subject to the so-called binary units
g=(0;:::;0,) which are bivariate functionsg, : R R! R;i =1;:::v resulting inv
elements in the layer outputy®

m _ m ()}
Yori = G Zisoi 10 Zy+2i

. The usual binary functions used in equation learners are the multiplications.
As a result, the layer outputy® 2 R% with d, = u+ v is in the form

D— ¢ S ... ) . n ..M ..... I (1
yO= f1 27 iy 20 o 282112522 i O Zsz 112822v

The last L-th layer is usually taken without the unary and binary functions asy =
WOyt D+ gL with  being commonly an identity function. Hence, the model has

the trainable parameters = W = W® IL:1 ;b= " |L:1

The model can be trained through usual gradient based techniques (e.g., Adam). The
loss function is usually enhanced with a regularization, see Section 3.2.

3 Sparsity techniques in deep learning

There is a broad range of methods and techniques which serve for compression of neural
network-based models, like parameter sharing, value quantization or neural architecture
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search (comprehensive overview of such techniques can be found in [5]). The most com-
mon techniques are based on a model pruning that tend to eliminate the weights with low
contribution to the nal model performance. Substantial part of model pruning methods

is based on a regularization or a Bayesian approach (where the former can be in many
cases expressed in terms of the latter). Regularization methods are based on an addi-
tional regularization term added to the loss function that forces the model parameters to
shrink, while the probabilistic Bayesian methods lead to prune the model by introduc-
ing sparsity inducing prior distributions of the model parameters into the models (the
pivotal works in this area include among others automatic relevance determination [18],
dropout-based methods [16], [8], [13], Bayesian group sparsity [9] or prior annealing [17],
relation between dropout and shrinkage inducing priors is shown in [14]).

Most common type of a regularization methods is the, regularization which adds a
regularization term into the loss functionL ( ) (equation 1) based on the., norm of the
model parameters

R()= kkp

Paramet%r governs importance of the regularization term with respect to the error
term Ni iNzl I (h(xij );yi) . The L, regularization forp > 0tends to shrink the values

of the model parameters towards zero unless supported otherwise by the data (hence,
this approach is also known as a weight decay). Most common cases in practice are the
L, regularization, also known as LASSO (from least absolute shrinkage and selection
operator), and the L regularization, also known as the quadratic regularization or the
ridge regression if applied on a regression task. While the regularization has a tendency

to shrink parameters to lower but non-zero values,.; may commonly lead to sparser
solutions. More detailed discussion on the, regularization can be found in [1] and [4],

a combination of both was utilized in [19].

3.1 Ly regularization

P
Special case of thé , regularization is forp = 0 with the Lo norm k ko = i“’:'o f 1609

that returns the number of non zero elements of. Such norm can be a natural way how
to force sparsi cation of the network since the respective regularization term penalizes all
non zero weights. Unlike theL, norm for p > 0, the Lo norm has no tendency to shrink
the actual values of the model parameters. It only tends to encourage sparser network
parametrizations.

Drawback of the Lo norm is that it is not di erentiable in the parameters, hence,
cannot be used in gradient based methods. For this purpose, a way to smooth the
norm while retaining its key characteristics was proposed in [10]. This methodology is
described in this section. It is assumed the underlying model his trainable parameters

First, the so-called binary gates indicating non-zero parameterg 2 f0;1g;i =
1;:::M are introduced into the model. The model parameters can be then rewritten
as j = 7z. Hence, thei-th parameter is not used in the model if; is zero, while5 may
remain non-zero. Let us assume that the gates are withdrawn from a f 0; 1g-valued
distribution q(zj ;) (e.g., the Bernoulli distribution). The objective function can be
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rewritten as ) "
1 X ' h
— I h xij=™ z .y + i

i=1 i=1

L 7 =Eq)

where denotes an element-wise multiplication. The aim is to minimize the function in
~and

To smooth the loss function, let us consider a continuous random variabdewith a
parametric distribution q(sj ). This variable helps to smooth the gates by clipping the
variable s in the [0; 1] interval

z=c(s); c()=min(1;max(0;)); s a(s )

This allows the gatez; to be exactly zero wherey(sj ) < 0. Moreover, the probability of
such event can be easily described by the corresponding cumulative distribution function

Q(s). As a result, the objective function can be rewritten as

I#
1 W "

L T = Eq(sj) — | h Xij~ C(S) Yi + [1 Qsi (OJ I)]

i=1 i=1

with the parameters “and to be minimized.

The only condition for the distribution q(sj ) to make the task tractable is that the
reparametrization trick (proposed in [7]) can be used for the distribution, i.e., that the
distribution q(sj ) can be expressed as a transformation of a simpler non-parametrized
distribution s= T (;" ) where" follows a distribution "  p(") no longer depending on

. This transformation ensures gradient based methods can be applied since the gradient
of the objective function can be expressed as an expectation (since the gradient of the
expectation equals the expectation of the gradient if the densify(") is not a function of

) and can be thus sampled using the Monte Carlo simulation. The objective function
becomes

" 1#
1 X . X! .
L 7 =Epy N I h X~ c(T(:")) Ly + [1 Qs (0 i)
i=1 i=1
and is now di erentiable w.r.t. “and ;the aimremainsto nd ~; =argminL 7

As a result, a wide range of distributions can be used. A choice used commonly
in practice is the so-called concrete distribution which was introduced speci cally as a
continuous relaxation of discrete random variables (see [11] for more details). It is a
random variable de ned on interval (0; 1) with two parameters = (log ; ) de ned as
a transformation of the uniform distribution

o= logu log(1 u)+log : u U (0:1)

where denotes the sigmoid function. Hence, the reparametrization trick can be used for
this distribution by design. The distribution can be expanded to an intervalSmin ; Smax )
for Smin < 0; Smax > 1ass= S(Smax Smin )t Smin - The gatesz; are then obtained as
zi =min(1;max(0;s)).
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3.2 Sparsity in equation learning

Since equation learning method aims to nd interpretable solutions, sparsity techniques
are desired unless model pruning is forced by network architecture by design [2]. Nonethe-
less, the selection of a suitable sparsity method and comparison of di erent approaches
was not analyzed under scrutiny in the current literature. Most of the methods use
the L, regularization for model pruning with LASSO being the predominant selection.
Hence, focus of this article is the comparison of several approaches, assessment if there
might be a universally recommended technique for the equation learning tasks and dis-
covery whether the outcomes based on the LASSO regularization may be outperformed
(for instance, it is known L regularization may achieve state-of-the-art results in some
domains with smaller data sets while performing inconsistently for largescale tasks where
comparable or better results may be achieved by simpler methods, [3]).

4 Experiment

The model was tested on the following three equations:

1 .
EQ1(x) = 3sin x®
EQ2(x) = % sin x® +sin x®@ + 5 * x@ + xGx®@
EQ3(x) = % sin x® +x@cos 2x @ + 7 x@® + x@ 2

with synthetically generated data. The training data was uniformly generated in intervals
Xi 2 [ h;h], with x = x®:x@;x®:x® in the multivariate cases (EQ2, EQ3),y =
EQ(X)+ " " N (0; 3,). The following parameters were used for the experiment
(unless stated otherwise for speci ¢ comparisons): the training set of sing, = 10000
was generated foh = 1, and the testing sets (described below) of sizgy; = 3000 with

2: = 0:01L The models are based on the equation learning architecture discussed in
Section 2, withL = f 3; 5g layers, using the layers with unary functiong = (sin;cos; ;1)
and multiplication as the binary function (i.e.,u =4 andv = 1). The last layer is always
a classical dense layer.

The model parameters were randomly initiated by the glorot distribution. Model was
trained by Adam algorithm through 50000 iterations. Sparsity techniques compared are
Lo, L; and Lo regularization. They were also compared to the case with no sparsity
technique. A default selection of the parameter in all regularization algorithms is 2
fle 2;1e 3;5e 4;1e 4;5e 5;1le 5;1le 69, unless other values are needed for further
exploration. Parameters used in thel, regularization are Spmin = 0:1;Snmax = 1:1
and = % Two testing data sets were created: the interpolation testing set and the
extrapolation testing set uniformly generated on the same interval as the training set and
on[ 2h; h][ [h;2h], respectively.

First, outcomes for the equationEQ1 are demonstrated for the model withL = 3
layers in Figure 1. For each method, a Pareto chart is presented with the mean square
test error (using the interpolation data set) on thex-axis and a percentage of non-zero pa-
rameters on they-axis (with a tolerance levelle 3). Curves forL,; and L, regularization
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Figure 1: The Pareto chart of the selected techniques on EQ1 (3-layer moded)axis: the
MSE on the interpolation data set,y-axis: the percentage of non-zero model parameters.

follow a sparsity/accuracy trade-o (i.e., model accuracy decreases with larger induced
sparsity, which happens for increasing); however, loss in accuracy for both methods is
not substantial while gaining signi cant sparsity of the trained models. Thd.; regular-
ization prunes larger number of parameters for comparable accuracy and appears most
suitable technique for this particular model.

On the contrary, although the L regularization ts the model with large accuracy
for a wide range of the values of, it demonstrates poor results in terms of sparsity and
keeps most of the parameters in the trained model. Even for larger values gfthere is
only a minor betterment in sparsi cation and it still provides much more dense results
than the L, and L, regularizations while the model accuracy starts to rise dramatically
(with the mean square errors outside of the range depicted on the gure).

Conclusions made on the interpolation data set hold also for the extrapolation data
set as demonstrated in Figure 2.

Next, the model outcomes were tested for the equatio®sQ2 and EQ3 with a more
complex model withL = 5 layers. The resulting Pareto charts are presented for the
interpolation data set in Figure 3. Same behavior as in the previous simpler case is still
observed: thel; regularization outperforms thelL , regularization while thel , regulariza-
tion demonstrates poor model pruning. Altogether, the equation learning model appears
sensitive to the employed sparsity technique with apparent di erences between methods.

5 Conclusion and future work

Importance of model pruning for equation learning was demonstrated and several sparsity
techniqgues compared on selected equations with synthetically generated data. It was
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Figure 2: The Pareto chart of the selected techniques on EQ1 (3-layer moded)axis: the
MSE on the extrapolation data sety-axis: the percentage of non-zero model parameters.

shown that L; regularization outperforms other tested methods and provides relatively
sparse solution with negligible loss of accuracy compared to case with no regularization.

The goal of future work is assessment of broader range of sparsity techniques on
larger number of problematics, including real-world tasks based on real data from several
domains with the aim to discover if conclusions made in this article may be generalized
to other areas. Also, deeper attention should be paid to the role of sensitivity to random
initializations and whether level of sparsity can be still enlarged under speci ¢ conditions
and utilized techniques.
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Abstract. Three-dimensional uorescence microscopy often su ers from anisotropy, where the
resolution along the axial direction is lower than that within the lateral imaging plane. We
address this issue by presenting Dual-Cycle (Fig. 1), a new framework for joint deconvolution
and fusion of dual-view uorescence images. Inspired by the recent Neuroclear method, Dual-
Cycle is designed as a cycle-consistent generative network trained in a self-supervised fashion by
combining a dual-view generator and prior-guided degradation model. We validate Dual-Cycle
on both synthetic and real data showing its state-of-the-art performance without any external
training data.

Keywords: Light-sheet uorescence microscopy, Dual-view imaging, deep learning, image decon-
volution.

Abstrakt. Trojrozm¥rna uorescen£ni mikroskopie £asto trpi anizotropii, v jejim® d-sledku je
rozlizeni v axialnim sm¥ru ni°2i ne® rozlizeni ve sm¥ru laterarnim. Pro °e2eni tohoto problému
jsme navrhli novy framework zalo®eny na hlubokém u£eni (Fig. 1), nazvany Dual-Cycle, ktery
provadi rekonstrukci dat pomoci spojeni dekonvoluce a fuze dvou uorescen£nich 3D obraz:. Na2
framework roz2i°uje nedavno publikovanou metodu Neuroclear na data z dualniho mikroskopu
a p°idava apriorni informace o modelu degradace. Dual-Cycle vyu®iva generativni si” s vynu-
cenim cyklické konzistence (Cycle-GAN). Trénovani je zalo®eno na principu u£eni bez ufitele.
Architektura sit¥ se sklada z generatoru, na jeho® vstupu jsou dva 3D obrazky reprezentujici
tenty® zkoumany vzorek, ov2em z dvou r-znych pohled-. Pro cyklickou konzistenci modelujeme
degradaci rekonstruovaného obrazku na zaklad¥ dop°edného modelu. Na realnych i synteticky
vygenerovanych datech jsme ov¥°ili, °e Dual-Cycle dosahuje rekonstruk£nich vysledk- modernich
metod bez vyuCiti vn¥j2ich trénovacich dat.

Klifova slova: Light-sheet uorescen£ni mikroskopie, dualni mikroskop diSPIM, hluboké ufeni,
dekonvoluce obrazu.

Full paper: Tomas Kerepecky, Jiaming Liu, Xue Wen Ng, David W. Piston, and Ulug-
bek S. Kamilov. arXiv:2209.11729H(ttps://arxiv.org/abs/2209.11729 ), 2022.
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Figure 1: Schematic illustration of the Dual-Cycle framework. a) Scheme of dual-view
inverted selective plane illumination microscope (diSPIM). b) CycleGAN approach: for
two domainsY and X, CycleGAN learns two mutually-inverse generator mapping&en
and Deg with the assistance of corresponding discriminators. c) Dual-Cycle network
architecture. d) Schematic of the generator based on U-Net. e) Degradation forms two
paths each consisting of blurring with known PSF followed by the deep linear generator.
f) PatchGAN-based [16] discriminators work on 2D slices of input 3D volumes.
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Abstract. Observations of CMB serve as one of the primary ways to study high-energy grav-
itational physics. One of the relevant observations is that power spectrum of its uctuations

is nearly scale invariant, asns  0:96 [1]. This fact suggests that early universe could be well
described by a theory possessing scale or conformal symmetry. However, other mundane obser-
vations force us to consider that such a symmetry would have to be broken. Natural question
is then what would be the remaining symmetry, and common wisdom would be that Poincaré
group describes the remaining symmetry.

In this article we make case for consideration of de Sitter group as the symmetry group
remaining after spontaneous breakdown of conformal symmetry, and that the appearance of
Poincaré group is merely an observational artefact. For that reason we shall discuss general
observational and theoretical arguments, supported by a mathematical argument using group
contraction.

Keywords: conformal group, de Sitter, group contraction

Abstrakt. Pozorovani CMB slou®i jako jeden z hlavnich nastroj- pro studium gravita£ni fyziky
p°i vysokych energiich. Jedno z hlavnich pozorovani je °e spektrum jeho uktuaci je tak°ka
2kalov¥ invariantni, jeliko® ng  0:96 [1]. Tento fakt nazna£uje °e ranny vesmir je mo°no vhodn¥
popsat pomoci teorie kterA méa 2kalovou nebo konformni symmetrii. Dal?i b¥°n& pozorovani
nas ov2em vedou k zav¥ru °e tato symetrie musi byt zlomena. P°irozenou otazkou pak je jaka
symetrie z-stane po tomto naru2eni, a p°irozenou odpov¥di by bylo °e Poincareho grupa popisuje
tuto symetrii.

V tomto £lanku p°edkladame ke zvaeni de Sitterovu grupu jako grupu symetrii ktera z--
stane po spontnanim naru2eni konformni symetrie, a °e zdanliva p°itomnost Poincarého grupy
je pouze artefakt pozorovani. Za timto t£elem budeme diskutovat obecné pozorovaci a teoretické
argumenty, s podporou matematického argumentu vyuCivajiciho kontrakci grup.

Klifovéa slova: de Sitter, konformni grupa, kontrakce group

1 Introduction

One of the current best tests of physics going beyond either Standard Model or General
Relativity are astronomical, or more speci cally, cosmological observations. Special place
among these holds Cosmic Microwave Background, which provides us with a window to
an extremely early era in existence of the universe and also to a time of very extreme
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physics. From this observation we can draw a wealth of data, which should provide us
with some hints on high-energy physics.

The fact that the power spectrum of CMB is nearly scale invariant [1] hints that
when considering in ationary era, it can be considered natural to start from a theory
possessing conformal symmetry. We have studied this in previous publications [2], [3],
[4], with the resulting observation that the conformal symmetry is spontaneously broken
via radiative corrections. We can then ask what is the remnant symmetry that remains
after the conformal symmetry is broken. The usual assumptions is that this would be
the Poincaré symmetry as that is typically considered as the local space-time symmetry
group, however in this article we will make case for considering instead the de Sitter

group.

2 Why DeSitter

Before investigating this in more detail, we should engage with a question, why should
we consider de Sitter group?

From an observational stand-point we can bring up that detection of 'dark energy"'
can be considered as an evidence, the e ect can be a result of positive cosmology constant
[5], which would be present in de Sitter cosmology. Additionally in ationary space-times
are also approximately de Sitter [1]. Combined these would suggest that de Sitter group
would be more suitable symmetry to consider when describing space-times under going
accelerating expansion.

Theoretical arguments [6] also lead us to consider potential introduction of either
observer-independent maximum energy or minimal length scales, such theories are called
doubly special relativity Major shortcoming of such theories is that they by their very
nature require presence of Lorentz violating phenomena at high energies, beyond which
we enter a new regime. From this perspective relativistic theory based on de Sitter group
(i.e. de Sitter relativity) represents a resolution of this, as it naturally incorporates both
invariant velocity and invariant length scale and so Lorentz symmetry remains unbroken
and only smoothly transitions to a di erent high energy regime [7].

Final argument is couched more in an appeal to mathematical 'beauty’' and historical
precedent.

Until 1905 the prevailing symmetry group considered was the Galilean group, however,
the tensions between then new theory of electromagnetism and classical mechanics were
resolved that year by A. Einstein in his article On the Electrodynamics of Moving Bodiés
[8]. In this article, Einstein overturned and superseded Newtonian mechanics and replaced
the Galilean boost with relativistic ones, e ectively changing the symmetry group from
Galilean to Poincaré.

Very soon after publishing of the article it was intuitively understood that Newtonian
mechanics represents low velocity limit of the new theory (or in nite speed of light limit,
as the relevant quantity is 7), however despite this understanding there was no proper
mathematical method to relate these two theories. On the level of individual formulas
it was always possible to perform the expansion and then keep only the lowest relevant
order terms, however this was mathematically unsatisfying.

This changed in 1951 when |. Segal published an articl& tlass of operator algebras
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which are determined by groupg9] where he rst proposed idea of a limiting procedure
for groups, and its application to symmetry groups of physical theories. These ideas were
developed further by E. In6nt and E. P. Wigner who two year later in 1953 published
now classical article On the contraction of groups and their representation$10], where
they described speci c mathematical method for contracting one group into another. It
was immediately clear that this mechanism can be seen as a way to link di erent theories
and to describe theory change.

2.1 Inbnu-Wigner group contraction

In this section we quickly summarize the procedure, following similar explanations in [11],
[12] and [13].

Since the setting in which Indni-Wigner contraction operates are continuous symme-
tries described by Lie group$s;, the most straightforward way to approach study of this
is through investigating transformations of the associated Lie algebrag.

To start of, we have a Lie algebray associated with groupG, where J; is some basis
of the vector space of algebra. In this basis we can write commutation relations as

X1 - .
[Ji; ] = fikJe 1] =1, ;n (2)

k=1

with fj being the structure constants of the group. These must satisBiacobi identity

fi fikm + Fik Fjkm + fix fm = O (2)
c=k

Let us now introduce acontraction parameter and use it to rede ne the basis ele-
ments J; ! Ji() such that the following is satis ed:

" the in nite sequence [J;] and its corresponding structure constantdf ]() are
known

" the limit lim, o[fj] = [fik ]0 exists for all i;j;k and is consistent under under
Jacobi identity

If both conditions are satis ed, then the structure constantdf ]0 generate a new Lie
algebrag® (and so also Lie groupG9 called the contraction of g.

It turns out that there are conditions which describe when/how can the contraction
be performed for given Lie algebra. Speci cally, i has a subalgebra such that

g=h+p 3)
[h;h] h; [hip] p; [Pl h+p 4)
We can then explicitly re-parametrize generators from the subspapesp®= p. This

does not fundamentally change the algebra, @sis isomorphic tog, since the commutator
are
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hyhl  hy [hipl % %P7 2(h+p) (5)

However, if we now perform the limiting procedure ! 0, the commutators in the
singular limit become

h;hl  h [Pl p% [p%pT=0: (6)

From this, it is clear that g, is no longer isomorphic tog, as the subspaceg® has
become an abelian subalgebra after the limit. The algebmy is clearly the algebra of the
contracted group. The structure of the resulting group is that of semi-direct product, i.e.
G°= G; 0 G, for some groupsG;, G,.

It is good to notice two things about the procedure:

1. The dimension of the symmetry group is preserved under the contraction. This
means that we cannot in this way relate theories that have di erent number of
symmetry generators.

2. The algebra of the contracted group contains an abelian subalgebra, and hence
presence of subspace of commuting symmetry generators can be taken as a sign of
possible group contraction. On the group level this can be seen from the group
structure and presence of semi-direct product.

These observations will be important in the later discussion of symmetries of space-time.
We also note that we can assign a geometric interpretation to the contraction parameter,
typically as some (pseudo-)radius of the geometry.

Returning to the previous topic, we can note that in the Galilean grouR*o (R® o SO(3))
the boosts form an abelian subalgebra, hinting that the group can be obtained from an-
other via contraction. Indeed, when contracting the Poincaré group®* o SO(3;1) by
sending the speed of light to innityc! 1  (or equivalently sending the 'slowness' pa-
rameter to zerol=c! 0) the Lorentz subgroup transforms asSO(3;1) ! R3o0 SO(3).
This then provides the rm mathematical link connecting the two theories.

Historically speaking, this relations of the groups, and hence also of Newtonian me-
chanics and special relativity was only discovered after the theory itself was. However
we can also look at it from another angle, that if the mechanism was known prior to
formulation of special relativity, we could have speculated whether there is some physical
parameter which is su ciently large (or small), so that e ective symmetry group of low
velocity mechanics is Galilean, and the full symmetry group is di erent. Experimentally
of course until there was observational evidence for nite invariant speed of light, there
was no reason to consider such a parameter to play role in the kinematical group of
mechanics.

Taking this second viewpoint we can now notice that Poincaré groug>* o SO(3;1)
also has an abelian subgroup, in this case the translations. Consequently, we can ask
if perhaps there are also not other nite parameters that are currently outside of our
observational bounds that we are not considering (e.g. nite invariant length scale), that
would lead to Poincaré group being only e ective description for large scales. This line of
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reasoning would lead us to consider de Sitter group (or anti-de Sitter, if we neglect other
arguments).

We can succinctly describe this as follows, Poincaré group represented generalization of
high-velocity kinematicsof the Galilean group, and de Sitter group can in turn represents
generalization ofhigh-energy kinematicsof Poincaré group.

3 Symmetries of space-time

With the arguments of the previous section in mind, let us look at the Poincaré group in
more detail and derive its relation to de Sitter group. Poincaré group is a 10 dimensional
group, which does have the semi-direct product structure, so as stated previously it could
be a contraction of another group. It's commutation relations are

M oP1= PP @)

i—l[M M ]= M M M + M (8)

with

A

P - space-time translations
" M - spatial rotations and boosts (spatio-temporal rotations)

The generatorsM  can be explicitly related to the generators of rotations and boosts as
Ji = % ik Mjk, Bi = M. From this we also see that spatial and temporal translations
form an abelian subgroup, another hint of the group being potential result of contraction
procedure. Speci cally, Poincaré group can be obtain as a contraction from either de
Sitter group SO(4; 1) or anti-de Sitter group SO(3; 2), via sending their scalar curvature

to zero. For the reasons elaborated on in the previous section, we will be interested in
the de Sitter case.

De Sitter group SO(4;1) is once again 10 dimensional group, whose commutation

relations can be written succinctly as

1
T[MAB;MCD]: sc Map 8o Mac AcMgp + ap Mgc: 9)

The contraction to Poincaré group can be constructed as follows, let us de ne new basis

= IMs (10)

with the rest staying the same. Commutation relations can then be rewritten as

U (1)

e

SN E (12)



52 J. K-ap

Now we can send the pseudo-radidsto in nity, and after that we obtain exactly the
commutation relations of the Poincaré group, with | P becoming the translation
generators.

It is clear from the commutation relations that the de Sitter group has neither semi-
direct product structure, nor any non-trivial abelian subgroup, so we could in principle
end our discussion here.

However, we would like to propose one further step. We start by looking at trans-
formations that can naturally extend de Sitter group, these being operations that act
transitively on the de Sitter space [14].

These de Sitter 'translations' can be written as a combination of translations and
special conformal transformations, i.e.

1 2

@ mZ XX X @:; (14)

wherel? is the de Sitter pseudo-radius, anck some particular coordinates. This object
on its own is not de Sitter generator, as its action on space-time leads to conformal
rescaling of the metric, transformation which is not from de Sitter group. If we demand
the symmetry group of space-time to include transformations under which it is transitive,
we must include both the usual translations and the special conformal transformations.

Inclusion of these transformations forces us to also include dilation generator to close
the commutation relations of the group. This extensions then moves us to a group
ISO(4;1) a 15-dimensional group of isometries @&0O(4;1). This group has again the
semi-direct product structure, and can be obtained as a contraction of the conformal
group SO(4; 2), in a similar fashion to the preceding contractions.

There are several reasons to consider conformal group when discussing symmetries of
space-time

A

conformal groupSO(4; 2) is the largest symmetry group preserving causality in 4D
space-times

many theories possess scale symmetry (gauge theories, massless theories), which
can be promoted to full conformal symmetry under a broad set of conditions (see
Zamolodchikov-Polchinski theorenin d = 2 [15])

CMB is nearly scale-invariant, suggesting scale invariant (or conformal invariant)
theories are suitable for description of very early universe [1]

We consider these arguments to be su ciently persuasive to explore this direction, so let
us take a closer look at conformal group. It's commutation relations can be written as

1
T[MAB;MCD]: sc Map 8o Mac acMgp + ap Mgc (15)

in the exact same form as de Sitter ones (which should not be surprising, as both are
pseudo-rotation groups). It is more useful to consider an alternative basis that can be
related to the generators we are more familiar with
L =M ; D= Mss (16)
P=Msgs+Mg5 K =Ms Mg a7)
;o =0;1,23; =0 A=4: (18)
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Again, we can see from both the structure of the group, and from the commutation
relations that there is no obvious need for further extension. We could again consider
transformations acting the space as in de Sitter case, however from a physical perspective
we are interested in 3+1 dimensional space-times and any further extension would take
us away from that (asSO(4; 2) is the conformal group of 3+1 dim space-time).

Additionally, now we are left with a problem, present day universe is well described
by considering only 10 space-time symmetries (local), yet conformal group has 15. How
can we reduce this number? One answer is spontaneous symmetry breaking, and it turns
out that group contraction has a relation to it.

4  Group contraction and symmetry breaking

In this section we describe relation of group contraction to symmetry breaking patters,
as developed in [16] and [17].

Great discovery of physics in 20th century was that symmetry in system needs can be
realized not just linearly, i.e. in Wigner-Weyl realization, but also non-linearly through
so-called Nambu-Goldstone realization. This phenomenon is colloquially known as spon-
taneous symmetry breaking (SSB) [18], as a particular vacuum state is invariant only
under a certain subgroupH of the symmetry group G, i.e. it the symmetry is bro-
ken, with the rest of former symmetries now transforming di erent vacuum states among
themselves.

Another well known fact is that spontaneous symmetry breaking leads to appearance
of massless Goldstone modes. These elds are either scalar, spinorial or vector, depending
on whether the broken symmetry is internal, super or space-time (these can also be
composite elds in the case of dynamical symmetry breaking). In relativistic theories the
number of Goldstone modes corresponds to the number of broken generators, i.e. to the
di erence between the dimensions of the symmetry groug and the symmetry group of
the vacuum stateH,

# Goldstone modes=dim G dimH (29)

It turns out that the 'remnant’ symmetry group H combined with the abelian Gold-
stone modes (which generate eld translations) must be a contraction of the original
symmetry groupG [16]. This then provides us with a mechanism to determine the mass-
less Goldstone modes. Also it provides us with a mechanism to change the dimension of
the contracted group, provided we ignore the 'abelianized' eld translations.

This relation between symmetry breaking and group contraction gives us a tool to
describe the relation of space-time symmetry groups in a uni ed fashion. We can assume
that the conformal group is spontaneously broken (e.g. by introduction of scale, breaking
the dilatation generator) and the the left-over non-trivial part is the de Sitter group, with
the remaining 5 generators being abelianized and representing eld translations.

5 Hierarchy of space-time symmetry groups

Having discussed relation of symmetry breaking and group contraction, we have all the
required ingredients ready.



54 J. K-ap

We would propose the following hierarchy of space-time symmetry groups

Conformal! deSitter! Poincare! Galilei

In pre-in ationary and early in ationary universe we propose that the symmetry
group of space-time was conformal groupO(4;2). As present day universe is neither
conformal nor scale invariant, this part of the symmetry was then spontaneously broken
during onset of ination. The symmetry breaking pattern is then determined by the
contraction, as per the previous sections, leading us to de Sitter gro§9(4; 1)

Further we would argue that the true 'local' symmetry of space-time is the de Sitter,
not Poincaré. The transition from de Sitter to Poincaré (and from Poincaré to Galilei)
are then not true transitions, but merely an approximation artefacts due to limited ob-
servational capabilities, of high-velocity physics in once case, and high-energy physics in
other.

As the shift to Poincaré happened when we had other theoretical signs and further
experimental evidence of nite invariant speed of light, similarly we propose that there
is a nite invariant length scale currently out of observational bounds. Existence of this
invariant scale would then lead to the symmetry group of space-time being naturally de
Sitter, not Poincaré.

Another kind of theoretical argument in support of invariant length (or energy) scale
would be that scale on which quantum gravity becomes relevant should play fundamental
role. An example could be that a photon of wavelength of Planck length should collapse
to black hole (based on classical understanding), however in di erent reference frames its
wavelength could be longer due to red-shift. As a result presence of a black hole would
then be observer dependent leading to contradiction within the theory. Eventual quantum
theory of gravity should be able to resolve this issue, and treating some length/energy
scale as invariant would lead to resolution.

Additionally, we could argue that the structure of Poincaré group combined with
knowledge and history of group contraction also points in the direction of further re ne-
ment being necessary.

6 Summary and conclusion

In this note we have discussed arguments supporting consideration of de Sitter group
as the proper kinematical group of space-time. We have quickly discussed observational
evidence supporting consideration of de Sitter group, theoretical argument from doubly
special relativity and then moved on to a discussion from the perspective of relating
Poincaré and de Sitter groups mathematically.

Primary focus was on application of group contraction to this process, discussing its
role in Galilean to Poincaré transition, and by analogy arguing that a similar reasoning
can be applied to switch from Poincaré to de Sitter. We have further noted that as
de Sitter space time is transitive only under combination of translations and proper
conformal transitions, this naturally leads us to consider presence of de Sitter group
being the result of spontaneous breakdown of conformal symmetry. As group contraction
procedure can be related to symmetry breaking pattern, we can use it to describe that
transition also.
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We used this to propose that true symmetry group of space-time in early universe
was conformal group, which was spontaneously broken down to de Sitter group. Current
understanding of Poincaré group as the symmetry group is then an observational artefact
resulting from limited experimental and observational capabilities, similar to the way
Galilean group was considered as a symmetry of space-time until the developments of
tools and other theories caused it to be superseded by Poincaré group.

This allows us to make contact with previous works [2], [3], [4], where we propose
conformal theory of gravity for description of in ationary physics. Conformal symmetry
present in this theory is spontaneously broken via radiative corrections, with de Sitter
group being a good candidate for the resultant symmetry group, for the reasons discussed
in this note.
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Abstract.  The study of complex networks is currently a rapidly developing discipline with
applications across various scienti ¢ disciplines such as neuroscience, climate research, computer
science, economics, energetics, and game theory. A key principle in this area is to view a given
system as a network of interacting subsystems (nodes). One of the central questions is to esti-
mate the pattern of their mutual or causal interactions. In this work, we rst summarize (often
vaguely used) de nitions of a total and direct causal e ect between two or multiple variables
(subsystems) with a particular focus on systems with higher order dependencies, discuss pit-
falls of structural causal models of such systems and present a potential information-theoretical
concept for determining direct and unique causality.

Keywords: causality, higher order dependencies, mutual information, interventions, XOR func-
tion

Abstrakt.  Studium komplexnich siti je v souEasnosti rychle se rozvijejici disciplinou s potenci-
alnimi aplikacemi nap°®i£ r-znymi v¥dnimi obory jako jsou neurov¥da, klimatologie, informatika,
ekonomie, energetika nebo teorie her. KliEovym principem v této oblasti je nahli®et na dany
systém jako na si” vzajemn¥ se ovliv-ujicich subsystém- (uzl-). Jednou z hlavnich otazek je
pak odhadnout si” vzajemnych kauzalnich interakci mezi t¥mito uzly. V této praci nejprve shr-
neme (£asto vagn¥ poucivané) de nice totalniho a p°imého kauzalniho efektu mezi dv¥ma nebo
vice prom¥nnymi (subsystémy) se zvld2tnim zam¥°enim na systémy se zavislostmi vy22ich °ad-.
Diskutujeme mo°n& uskali strukturalnich kauzalnich model- takovych systém- a p°edstavime
potencialni informa£n¥-teoreticky koncept pro urfeni p°imé a unikatni kauzality.

Klifova slova: funkce XOR, intervence, kauzalita, vzajemna informace, zavislosti vy2ich °ad-

1 Introduction

The detection of causality is a crucial point in the description of complex systems across
scienti ¢ disciplines. In practice, we always work with a nite sample of data from
which we try to estimate the original causal structure of the system. For this purpose
several families of methods like Granger causality or information theoretical approach
were suggested but what is the original causal structure? Suppose that we have the exact
model (equations) according to which the system behaves - so called structural equation

" This work was supported by the Grant Agency of the Czech Technical University in Prague, grant
No. SGS20/183/0HK4/3T/14 and by the Czech Science Foundation project GA21-17211S.
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model. A structural equation model (SEM) (also called a functional model) is de ned as
atuple S:= S;PV ;whereS=(S;;:::;S,) is a collection of n equations

S X, =f(PA;;N)); j=1;:0n; (1)

distribution of the noise variables, which we require to be jointly independent, i.eRN

is a product distribution. The graph of a structural equation model is obtained simply
by drawing direct edges from each parent to its direct e ects, i.e., from each variable
Xk occurring on the right-hand side of equation (1) toX;. We also say that SEM
S := S;PN s generating distribution of X = (Xq;:::;X,) PX: But this graph does
not have to be a causal graph - an intuitive counter-example is the functiod,; = 0:X,
where of course variableX, does not have any causal e ect oiX;: We de ne causality
due to Judea Pearl [2] using so-called interventional distribution. Consider a distribution

more) structural equations (without generating cycles in the graph) and obtain a new
SEM S. We call the distributions in the new SEM interventional distributions and say
that the variables whose structural equation we have replaced have been intervened on .
We denote the new distribution by
Xjdo( X =f(PA j;N;

px = pliel=riemim)), )
The set of noise variables ir§ now contains both some newN's and some old N's
and is required to be mutually independent. The causal e ect is then de ned as follows.
Given an SEMS, there is a (total) causal e ect from X to Y if and only if there is x;
such that P\S”dO(XZX) 8 PY: Note that we can easily de ne causal e ect generally from
set of variablesX to Y by replacing do(X = x) by do(X = x): As Pearl declares, in
practice, we are unable to determine causality (or the direction of causality) without
interventions. In certain situations, however, we can assume that some variables, so-
called source variables, can in uence the so-called target variable but not vice versa. One
of these situations is time-ordered data, where only things in the past can a ect things

X; has causal e ect onY if
I (Xi;Y)> 0 3)
Also, we can say that there is a direct causal e ect fronX; to Y if
I (Xi;YiXr £Xig) > 0; (4)

however, as we show later, this de nition of a direct causal e ect is valid only for rst-
order dependencies and collapses for higher-order ones.

2 Higher order dependencies

There is no single de nition of synergy or second-order dependence but we show this
concept on the well-known example oXOR function whose values are de ned according
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to the table 1. Simply, we consider two fair coin¥X ; and X ,; if the result of their ips is
the same then the value of theXOR function is zero otherwise it is one.

X1: X, " Be(0:5)

_ v - ()
Y = XOR (X1;X5)

This system is a model example of so-called synergy, there is no informationYofn X,
neither in X,, but we get the information aboutY from tuple (X ; X;): As both variables

X1 X2]Y=XOR (X1;X2) | p
0] 0 0 1/4
0| 1 1 1/4
110 1 1/4
1] 1 0 1/4

Table 1: Function XOR (X 1; X3)

X1 and X, appear on right hand side of equation (5), the structure of graph of SEM is
XY X, but no matter how we intervene onX or X,; distribution of Y remain
unchanged because a§; and X, can reach only value of O or 1, all possible intervention
are in form of Bernoulli distribution Be(p): Suppose that we intervene orX; Be(p)
then

plY =0)= p(X1:=0;X,=0)+ p(Xy1=1;X,=1)

6
=1 p 1=2+p 1=2=1=2 ©
plY =1)= p(X1=0;X,=1)+ p(X;=1;X,=0) @
=(1 p 1=2+p 1=2=1=2
hence
Pé Be(05) — P;de(X1= Be(p)) — P;de(X2= Be(p)): (8)
Only when intervene on tuple(X; X,) we change distribution onY; for example
P! Be(0:5)6 Be(l) PgIAxax2=0:1). 9)

Thus, the causal structure cannot be captured by a graph, but only by a hypergraph.
Using an information theoretical approach to direct causality, we however end up with a
curious result. As we already proposed, both mutual information are equal to zero (eq.
(11)) but conditional mutual information 1 (X;YjX,) and | (X5;Y]jX,) are equal to one
and therefore there is a direct causal e ect from both of the variables by de nition. For
this reason, we rede ne information theoretical based direct causal e ect in accordance
with Pearl's de nition.
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Figure 1. Scheme and causal hypergraph XOR system

I(Xy;Y)=1(X2Y)=4 %og%zomt (20)

((X1;X2);Y)=4 %Ioglzizizzzlbit (11)
|(X1;YiX2) = (X1 X2);Y) 1(X2Y)=1bit (12)
| (X2 YjX1) = 1(X1;X2);Y) 1 (X1Y) = 1bit: (13)

2.1 Information-theoretical approach to direct causality

First, we remind Pearl's approach to direct causality using interventions. Given an SEM
S, there is a direct causal e ect fromX; to Y if and only if there areX;; x; such that for

P\S(jdo(xi:xi;Xr fXig=xr fxig) 6 P\S(jdo(xi:xi;Xr fXijg=xr fxig): (14)

Because of the inconsistency in the information theoretical approach described above,
we suggest a new information-theoretical de nition of a direct causal e ect. LeX =
(X1;:::Xp) be a set of source variables and a target variable, there is a direct causal

e ect from X; to Y if and only if

1 (Xi;YjS) > 0 (15)

forall S X r fX;g: Note that conditioning by empty set is meant standard mutual
information

L(Xi;YJ )= 1(Xi7Y): (16)

Generally, we can de ne direct causal e ect between set of variables and one target
variable as: LetX = (Xg;:::Xp) be a set of source variables and a target variable,

there is a direct causal e ect from(X;,;:::;X;,) to Y if and only if
F((Xis i X4,):YiS)> 0 a7
forall S Xr fXj;;:::; X, 0: Note that if there is direct causal e ect from variableX;

then there is also direct causal e ect from any set containing this variable. For determine
the "true" unique causal direct e ect we can use partial information decomposition [1].
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2.2 Example: Indirect XOR(Xq;X>)

We show the consistency of our approach and Pearl's on an example of undir&@R
link and direct linear link given by SEM:

X1 X, " Be(0:5)

X3= XOR(X1;X5) + E; (18)
Y = X3+ BEy;
whereEs; B, " Be(0:5):

X1 | X2 |B| B | XOR(X1;X2) [ X3 |Y | p

0 0|0]| O 0 0 | 0|1/16
0 001 0 0| 1]1/16
0 0O}1,|0 0 1]1]1/16
0 0|11 0 11]2)|1/16
0 110/ 0 1 1 ]1)|1/16
0 1 /0|1 1 1| 2]|1/16
0 1 /1|0 1 2 | 2|1/16
0 1 1| 1 1 2 | 3|1/16
1 0| 0] 0 1 1]1]1/16
1 0|0 1 1 11]2)|1/16
1 0O|1] 0 1 2 | 2|1/16
1 0 1|1 1 2 | 3|1/16
1 1/0]0 0 0| 0]1/16
1 101 0 0 |1]|1/16
1 1110 0 1]1)|1/16
1 1 /11 0 1| 2]|1/16

Table 2: Indirect XOR (X 1; X)

Applying interventions, we would nd that there is one direct link to Y and it is a
link from X3: As there is a direct link from X 3; by de nition there is also a direct link
from any set containingX 3; signi cance of these hyperlinks we evaluate in the informa-
tion theoretical approach. If we further considerX ; as target variable andX; and X,
as source variables, there is also direct link from tupleX 1; X»,) to X3: If we compute all
possible mutual and conditional mutual information (see table 3), we nd out that the
information-theoretical approach to direct causality is in agreement with the interven-
tional one. Furthermore, as synergies SyK ;; X3) and Syn(X,; X3) are equal zero, these
hyperlinks are not considered to be uniquely causal. Synergy $¥n; X») is greater than
zero but there is no direct link from tuple(X1; X5,); therefore this hyperedge is also not
included in hypergraph. Note that at this point we are focused just on dependencies
of rst or second order, otherwise we should investigate also hyperedge from all three
variables. We will describe the concept of unique causality into more detail in the next
section.
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Figure 2: Causal hypergraph of system IndirecKOR (X ¢; X>)

3 Partial information decomposition

As we already said, if there is a direct link from one variable there is also a direct link from
any set of variables including this variable. Therefore, in the causal hypergraph of the
previous example ( g: 2.2) two hyperedges are missing. We decided to not draw these
hyperedges because we do not consider them as unique. In this section, we introduce
the concept of unique causality - one of the possibilities of non-negative decomposition of
multivariate mutual information i.e. mutual information between a set of source variables
and one target variable, suggested by Williams and Beer in [1]. In simpli ed form for two
source variables, mutual informationl ((X; X;);Y) is decomposed into the sum of four
functionals - unique contributions ofX; and X,; redundancy of these two variables and
their synergy.

I((X1;X2);Y) = Un(Xy1) + Un(X2) + Red(Xy; X2) + Syn(X1; X2) (19)

The idea of individual functionals is as follows:X; may provide information that X,
does not, this part of overall information we call unique information ofX; about Y
and denote as UQX,); unique information of X, about Y is de ned analogously. Then,
X1 and X, may provide the same or overlapping information abouY; this overlapping
part we call redundancy Re@X; X;); for example if X, is a copy of X,; they both
provide same information aboutY and thus |1 ((X1;X3);Y) = Red(X; X5) in this case.
The last component is the so-called synergy, as we have seen in X®@R example, in
some systems individual variables do not give us any information but as a tuple they
do, Syn(X; X,) should quantify this part of information about target Y: Since mutual
information | (X1;Y) is equal to sum of UifX;) and Red X 1; X;); we also have

L((X15X2);Y) = I (X1 Y) + 1(X2;Y)  Red(X1;Xz)+ Syn(Xy; X): (20)
First, mutual information between set of source variableX = (X;:::;X,) and target
variable Y can be express as
X
XYY = pIXSY =y); (21)
y2Y

wherel (X ;Y = y) we call speci c information of X about Y and it is de ned as

v X - p(Yjx) |
I(X5Y =y)= . p(xjy) log o)

(22)
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Information bits

I (X1;Y) | 0.0000

| (X2;Y) | 0.0000

| (X3 Y) | 0.8113

| (X1;YjX,) | 0.3113

I (X1;YjX3) | 0.0000

| (X2;YjX4) | 0.3113

| (X2:YjX3) | 0.0000

| (X3;YjX,) | 0.8113

| (X3;YjX5) | 0.8113

| (X1;YjX2; X3) | 0.0000
| (X2;YjX1;X3) | 0.0000
| (X3;YjX1;X2) | 0.5000
I (X1;X2);Y) | 0.3113

I (X1;X3);Y) | 0.8113

I (X2;X3);Y) | 0.8113

I (X1;X5); YjX3) | 0.0000
I (X1;X3);YjX5) | 0.8113
| (X2;X3);YjX4) | 0.8113
I (X1;X2;X3);Y) | 0.8113
Syn(X1; X») | 0.3113
Syn(X1; X3) | 0.0000
Syn(X,; X3) | 0.0000

Table 3: Indirect XOR (X 1X>) - Information table

Idea how to de ne redundancy is then, that it is the expected value of the minimum
information that any source variable provides about each outcome &f. For two source
variable X; and X, we get

Red(X1;X2) = Imin (Y;fX19fX20) = : p(y) miin (Y = y; Xj): (23)
y
Unique contributions are then de ned as
Un(Xy1) = I(X1;Y) Red(Xy;X») (24)
Un(X2) = 1(X2Y) RedXy;X2) (25)
and nally synergy of X; and X,
Syn(X1; X2) = 1((X1;X2)  Un(Xy) Un(Xz) Red(Xy;Xo): (26)

As the synergies Sy(X 1; X3) and Syn(X,; X 3) are equal to zero we do not consider these
hyperedges as valid.

4 Conclusion

In this work, we presented a general de nition of the concept of causality designed by
Judea Pearl and in practice often used information-theoretical approach. We discussed
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the problems with the information theoretical approach and de nition of direct causality

in systems with higher-order dependencies and came up with a new de nition that seems
consistent with the original de nition, what we showed on selected examples. We also
outline following algorithm for estimating causal hypergraphs of complex system from
time series (or from data where we can su ciently de ne target variable and source
variables) which preserve directness and uniqueness of the hyperlinks: To detect parental
hyperedges for individual targetY; we rst nd all variables with causal e ect on Y
using mutual information. For variables which did not have a causal e ect on their own,
we also compute multivariate mutual information between tuples of theese varaibles and
the target variable, to nd out if they have an e ect as a pair (those that had an e ect
themselves force the e ect as a tuple with any variable). Potentially continue with triplets
and so on. Then determine the direct causality of each surviving variable and tuple. For
each direct hyperedge, we then divide the causal e ect to individual variable and tuple
using partial information decomposition to get direct unique causal hypergraph. The
algorithm in this form is however very ine cient, therefore, the next step of our research
will be make this algorithm more e cient at least under some assumptions of the system.
Also Beer and Williams approach to partial information decomposition can be replaced
by another one.
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Abstract. Convolutional neural networks are not invariant under basic image transformations
like scaling, rotation or blur. Consequently, their performance falls drastically under in uence

of these transformations if they did not occur in the training set. The problem is usually tackled

by augmenting the training set by these transformations. This, however, increases size of the
training set multiple times and consequently the learning process is multiple times longer and in
the case of massive datasets also much more expensive. We adjust architectures of CNNs to make
their performance more robust to rotation. For that purpose, we make use of traditional and
competitive approach to neural networks in image classi cation, so called handcrafted features.
In particular, we use a handcrafted feature called Bispectrum which is invariant under rotation.
The rotation was chosen as an easy case to work with. However, all the procedures are supposed
to be generalized to other transformations in later research.

Keywords: Augmentation, Bispectrum, convolutional neural networks, invariants, rotation

Abstrakt.  KonvoluEni neuronové sit¥ nejsou invariantni na zakladni obrazkové transformace
jako 2kalovani, rotace nebo rozmazani obrazku. Jejich Usp¥2nost se proto velmi vyznamn¥ sni°uje
pod vlivem t¥chto transformaci, pokud ne gurovaly v trénovaci mno®in¥. Obvykle se tento prob-
[ém °e?i tzv. augmentovanim trénovaci mno®iny, co® ale mnohonasobn¥ zvy2uje jeji velikost, a
tudi® i £as pot°ebny k trénovani. V p°ipad¥ obrovskych dataset- to i vyrazn¥ zvy2uje cenu
trénovani. V této praci p°ichazime s novymi architekturami konvolu£nich siti, které jsou vice ro-
bustni na rotaci obrazk-. VWulivame k tomu tradi£niho a konkuren£niho p°istupu k neuronovym
sitim v obrazkové klasi kaci, tzv. handcrafted p°iznak-. Konkrétn¥ vyu®ivame handcrafted p°iz-
nak, ktery se nazyva Bispektrum a je invariantni na rotaci. Rotace byla zvolena jako jednoduchy
p°ipad deformace, ale v budoucim vyzkumu se zam¥°ime na zobecn¥ni v2ech postup- na jiné
deformace.

Klifova slova: Augmentace, Bispektrum, invarianty, konvolu£ni neuronové sit¥, rotace

1 Introduction

Since early 1960's, researchers have been developing automatic image recognition and
classi cation techniques. The traditional approach relies mainly on object description
by means of features, which are measurable quantities that are able to uniquely charac-
terize object classes. These kinds of features, currently denoted as handcrafted , have
been mostly designed either as results of local di erential operators (such as SIFT and
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SURF [11]) or as projections of the image function on a carefully selected functional basis
(typical examples are harmonic basis leading to Fourier transform, various polynomial
bases yielding image moments, wavelet basis and many others). These projections were
used to de ne various sophisticated functionals, exhibiting the invariance with respect to
intra-class variations and the ability to discriminate objects belonging to di erent classes.
These functionals, callednvariants, were then used as an input to a traditional classi er
such as minimum-distance, SVM or Bayesian one [4]. For a comprehensive survey of
handcrafted techniques see [5], Chapter 2, and further references therein.

Handcrafted features perform well in image recognition if there exist a (su ciently
simple) mathematical model of intra-class variations (typically if these variations com-
prise basic geometric transformations such as scaling, rotation, or global a ne/projective
transform for instance). In the case of generic classes with a wide intra-class variability,
designing invariant and discriminative handcrafted features is usually very di cult or
even impossible.

As an alternative to the handcrafted features, deep learning approach and convolu-
tional neural networks (CNN) appeared in early 1980's [6]. They were inspired by the
visual perception in the human brain and went beyond the conventional framework which
separates feature design from classi er training. However, during the rst 30 years of
their existence, they represented just a marginal research direction. They have attracted
a noticeable attention of image processing community only since 2012, when a CNN
named AlexNet won the ImageNet Large Scale Visual Recognition Challenge [17]. Soon
the recognition rate have surpassed the human performance [8] thanks to a substantial
increase of the computer performance at that time.

Instead of working with features "manufactured” beforehand, CNNs generate features
by a cascade of convolutions and downsampling. Parameters of each convolution kernel
are learned by a backpropagation algorithm. There are many convolution kernels in each
layer, and each kernel is replicated over the entire image with the same parameters. The
function of the convolution operators is to extract various features of the input. The
network capacity depends on the number of layers. The rst convolution layers obtain
low-level features, such as edges, lines and corners. The more layers the network has,
the higher-level features it produces. CNNs virtually skip the feature extraction step
and require only basic preprocessing, which makes them, if enough training data and
computing capacity are available, very powerful [2].

After a dynamic development in 2012-20, when many successful applications were
reported, CNNs seem to have reached their limits. Further CNN's development just
by evolution is unlikely. Based on a comprehensive literature search and on our own
experience, we have identi ed the following major drawbacks of current CNNs applied to
image recognition.

" Low-level image representation.CNNs take a pixel-wise representation of images
as an input, they do not perform any preprocessing, salient feature extraction, and
other steps common in traditional image recognition. On the one hand, the pixel-
level representation is highly redundant while on the other hand it is unable to
capture even very simple intra-class variabilities.

" Limited invariance. Even if we have a model of intra-class variations, it is very dif-
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cult to incorporate the model into a CNN to achieve better e ciency. If the intra-
class variability comprises rotation, scaling, and/or other simple-to-model trans-
formations, the pixel-wise representation is not invariant to them. Current CNNs
handle this by the augmentationof the training set, which is in fact a brute-force
approach where we rst arti cially generate all possible transformations of training
samples and the CNN is trained on this augmented set. Clearly, this is an extremely
time and memory consuming process.

Massive training. To achieve a good performance, CNNs should be trained on very
large databases. This is partially implied by their limited invariance (see above)
but even without the augmentation, the training set should be mostly much larger
than in traditional approaches. Considering that the training set must be selected
and annotated by domain experts, this is an expensive and time-consuming step.

The problem scale versus the computer performanda.2012-16, when CNNs exhib-
ited a quick development and penetrated into many application areas, we witnessed
a dynamic increase of computer performance. Powerful computers helped to resolve
many large-scale problems, namely in image retrieval, despite the necessity of data
augmentation and time-consuming training. However, nowadays the development
seems to level out. Image databases collected by Google, Facebook and by many
other commercial, research, and governmental organizations are so huge, that we
need to make a qualitative step towards an e cient search and recognition. To rely
just on continuous computer performance growth in a combination with current
CNNs is not enough, because the problem scale increases faster than the computer
performance.

CNNs have no true invariance hard coded by design. We have identi ed three ap-
proaches proposed in the literature that introduce invariance. The rst one is similar
to image normalization, e.g. in spatial transform networks [9], where a geometric trans-
formation module is trained to put inputs/features into some prede ned position while
minimizing the network loss. Another approach is to transform inputs/features [10, 12]
such that the intra-class variations appear as translations. The last approach transforms
the convolution Iters as e.g. in [15], Group Equivariant Convolution Networks [3] and
Harmonic Networks [18]. All the methods can handle simple geometric transformations
only. Generalization to more complex intra-class variations using these approaches is in
most of the cases theoretically unfeasible.

The proposed methods of fusing handcrafted features with features learned by CNNs
range from simple concatenation of features before classi cation or fusion at the score
level [14, 13] to more advanced approaches such as learning features with handcrafted
features as CNN's inputs [16, 1] or calculating handcrafted features from learned features
[7]. However, none of the studies considered the possibility to harness invariant properties
of handcrafted features.

In this paper, we incorporate a rotation invariant called Bispectrum to a CNN so it
is more robust to a rotation transformation. Even very successful CNNs perform heavily
worse on rotated images if the transformation was not included in the training set. This is
usually handled by augmentation of the training set where each image is repeated several
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times with distinct rotations which increases the training set many times. Consequently,
the training process is much longer. We are not able to make a CNN fully invariant
to rotation without a bigger drop of performance on non-rotated images yet. However,
the experiments show that we are at least able to signi cantly mitigate the degradation
caused by this transformation without changing the training set at all. In our research,
we will try to generalize all the results to other types of transformations (like scaling or
blur) as well.

2 Bispectrum

A rotation in Cartesian coordinates is a shift in polar coordinates. Therefore, the idea
of de ning an invariant under rotation is to transform the image to polar coordinates
because it is easier to get rid of a shift than a rotation. Let 2 R™" be an image
function in polar coordinates with rows referring toL 2-distance and columns referring to
the angle of the image in Cartesian coordinates. If the original image is rotated by an
angle , the image in polar coordinates assigned to that rotated image is

Hr" + ) (1)

Bispectrum eliminates in (1) and it does so for every row separately. L&t denote
the Fourier transform. Then BispectrumB 2 R™" of an imagel 2 R™" in polar
coordinates is de ned as

B(k; )= F(I(k; )?() F (I(k; ))(2 modn) foreveryk2f1;2;:::;mg

where 2f1;2;:::;ng, all multiplication is element-wise and denotes complex conju-
gate.
Then k-th row of Bispectrum Br of a rotated imagel (r;" + ) in polar coordinates
is
Br(k; )= F(I(k; + D) F (I(k + )@ modn)=
F(I(k )?() F (I )@ modn)e ?' 2 &'? =
= B(k; ):

Therefore, Bispectrum is clearly invariant under rotation.

3 Methodology

3.1 Pixel model

First, we used a classic CNN with pixels of an image as an input. As we exhibited all the
experiments on the MNIST dataset, we used a very simple architecture depicted on Fig.
1, i.e. two convolution layers ( rst one with 32 feature maps, the second one with 64)
with max pooling, followed by a fully-connected layer. The second convolution layer was
trained with 0.5 dropout regularization. The activation function is hyperbolic tangent
on the convolution layers and softmax on the output layer which contains 10 nodes, each
one corresponds to a class.
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Figure 1: Architecture of the pixel model

3.2 Bispectral model

Second, we replaced the pixel-wise representation of an image by Bispectrum and used it
as an input to a neural network. Such an architecture is obviously rotationally invariant.
Moreover, Bispectrum contains full information of an image except for its rotation, i.e.
there is an (computationally expensive) inversion of Bispectrum back to the image. The
architecture remained the same as in the previous case, only the input was changed.

Figure 2: Architecture of the bispectral model

3.3 Parallel model

Third, we combined the rst two approaches into one neural network, see Fig. 3. The
network has two branches, the rst branch takes pixels as an input, the second takes
Bispectrum. Both branches have two convolutional layers with max pooling, the branches
are connected together by a fully connected layer.

It turns out that if the network is learned like that, it considers almost only the
pixel branch and assigns almost zero weights to the bispectral branch. We veri ed many
times that the network has almost identical performance to the pixel model including the
degradation when images are rotated. The reason is that automatic learning adjusts the
weights only to the images which are in the training set. The optimization algorithm does
not consider that the network will maybe once deal with rotated images where Bispectrum
would be more relevant and important for better performance. The optimization is
performed only for non-rotated images where pixels are more relevant and they can
achieve excellent results on their own. Hence, the learning process basically switches o
the second branch.

Therefore, the architecture must be adjusted to deal with this issue. We do that by
pretraining the pixel and bispectral branch separately, i.e. by loading the convolutional
weights from the rst two models and freezing them in training. Hence, only the fully-
connected layer is learned. Moreover, we change the loss function so that it penalizes the
network for prioritizing the rst branch over the second branch. LetW; denote the sum
of all weights in absolute value going to the fully connected layer in the rst branch. Let
W, denote the same for the second branch. Then we adjust the classic sparse categorical
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Figure 3: Architecture of the parallel model

crossentropy (which is used in all our other experiments) in the following way

. wW
loss = sparse categorical crossentropy K Wl (2)
2

where K is a constant. Therefore, if the network prioritizes the pixel branch over the
bispectral branch,W; is greater thanW, and the loss function grows.

3.4 Ensemble model

In the case of non-rotated images, the pixel model performs excellently. The output of
the network are ten numbers, summed to 1, each signi es the probability that the image
is certain digit. If the network accepts non-rotated image, one of these ten numbers is
usually almost 1 while the others are almost zero because the network performs very
good on MNIST. However, if we rotate an image at the beginning, the network is not
that certain at all. Therefore, the principle of the ensemble is to let the pixel model
compute and if the maximum of the ten numbers exceeds certain threshold, we believe
that we deal with a non-rotated image and we let the pixel model decide. However, if
the maximum is below that threshold, we expect it to be a rotated image and bispectral
model decides. The threshold was set to 0.995.

4 EXxperiments

All experiments were performed on MNIST dataset of handwritten digits. The images
are black and white with 28 rows and 28 columns. All models were trained on 60 000
samples without any augmentation, i.e. none of the images was rotated. We made three
types of test set. The rst one contains 10 000 non-rotated images, it is an original part
of MNIST dataset. The second one contains the same images, but each one was randomly
rotated by 30 90 degrees. The third set is union of the rst and second one. Therefore,
accuracy of the third set is arithmetic mean of the rst two.

The K constant from the Equation (2) was chosen as 20. The optimization was
performed by Adam algorithm with learning rate 0.001 in all cases. The batch size was
set to 10.

To get Bispectrum, the image has to be rst transformed to polar coordinates. It
was done so by using incircle in the image. The images in polar coordinates are then of
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size (14;56) where the rows relate toL 2 distance and columns to the angle. We chose
56 columns to keep the number of pixels the same. The linear interpolation was used.
Bispectrum is then of sizg(14; 56).

The results are summed in Table 1, the numbers represent accuracy. On the set
of non-rotated images, the pixel model is the best with 99.28 % which is no surprise,
even very simple CNNs perform excellently on MNIST dataset. However, we can see
that the performance dropped drastically if we rotate the images. The bispectral model
classi ed 82.63 % of images correctly. The little drop of performance in case of rotated
images is probably caused by using incircle instead of excircle in the transformation to
polar coordinates, so a bit of information can be lost. However, the model is almost
invariant and performs much better in the case of rotated images. Next, parallel model
and ensemble model are worse by only 2 % on non-rotated set then the pixel model,
but both perform signi cantly better on rotated images, however worse then bispectral
model. If both rotated and non-rotated images are equally presented, these two models
outperform the others.

Setl |Set2 | Set3
Pixel model 0.9928| 0.4429| 0.7179
Bispectral model| 0.8263| 0.8175| 0.8219
Parallel model 0.9724| 0.7691| 0.8708
Ensemble model| 0.9735| 0.7981| 0.8858

Table 1: Accuracies of our models on test sets of MNIST dataset. Set 1 is the original
test set of MNIST containing non-rotated images. Set 2 contains the same images as Set
1 but randomly rotated by 30-90 degrees. Set 3 is union of Set 1 and Set 2.

In Table 2, we present the same results, but on images from the training set. These
numbers are not so much di erent from the test sets.

Setl |Set2 | Set3
Pixel model 0.9977| 0.4526| 0.7251
Bispectral model| 0.8342| 0.8282| 0.8312
Parallel model 0.9766| 0.7738| 0.8752
Ensemble model| 0.9775| 0.8106| 0.8941

Table 2: Accuracies of our models on training sets of MNIST dataset. Set 1 is the original
training set of MNIST containing non-rotated images. Set 2 contains the same images as
Set 1 but randomly rotated by 30-90 degrees. Set 3 is union of Set 1 and Set 2.

5 Discussion

We showed that the classic CNN performs very poorly on rotated images if the training
set was not augmented by this rotation. That was an expected behaviour. If we replace
the input by Bispectrum, we get a network invariant under rotation, but the accuracy
drops to 83 %. The parallel and ensemble models have signi cantly smaller drop on
non-rotated images and degrade much less on rotated images.
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Although the ensemble gives the best results on the third set, its usage in other
datasets might be questionable. MNIST dataset is very simple and even a CNN with
only three layers can achieve almost perfect results. Therefore, we rely on the fact that
the CNN classi es with very high certainty which does not have to be true in more
complicated datasets.

Since Bispectrum contains full information about an image, it could theoretically get
to the same numbers as the pixel-wise representation on non-rotated images. Theoretical
justi cation for convolutions on pixels does not hold for Bispectrum which is in spectral
domain. This could be a reason for the worse numbers, probably a di erent architecture
would be more suitable. Moreover, if we make a small change in the pixel-wise represen-
tation, it can change Bispectrum signi cantly. This could be another reason for worse
performance.

The rotation is only an example of a transformation which degrades CNN's perfor-
mance if it is not included in the training set. We consider it as rather a simple example
that helps us researching new architectures of neural networks. Then we want to ex-
plore more complicated transformations like blur and others and utilize the results and
experience gained with rotation and invariants in general.
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Abstract.  Multiple generalizations and modi cations have been made to the Turing model
for pattern formation in order to obtain a more faithful portrayal of the biological or ecological
reality, most of which present the underlying reaction-di usion (RD) equations with additional
complexity. Among these generalizations is the concept of spatial heterogeneity which, mathe-
matically speaking, turns the autonomous linearized RD system of ODESs into a non-autonomous
one, making the search for an analytic solution all but futile. However, approximate methods
can be used to investigate qualitative and even quantitative properties of the (usually) unknown
exact solution, as has been the case with the WKBJ analysis presented by Krause et al.[1] In our
present paper, we focus on building the general mathematical fundaments of such an analysis,
providing approximation theorems for the Liouville-Green approximation (.e. WKBJ approxi-
mation in the absence of turning points) of the solution to linear systems of ODEs in one spatial
dimension, including upper bounds of the error of such an approximation. We proceed by clas-
sifying systems by their spectral properties, carefully distinguishing between the exponential
and the oscillatory cases, before merging the results into a single approximation theorem. It is
worth noting, however, that our approach does not explicitly employ the usual WKBJ modes
but rather exploits the well-known properties of the Airy functions, which display identical
asymptotic behaviour, a fact readily used in the proof. Subsequently, we focus speci cally on
the RD equations, demonstrating the spectral properties utilized in the approximation theorems
for a typical Turing system, hence arguing that the deployment of this asymptotic analysis is
reasonable in the context of RD equations and Turing instability. As noted in the discussion,
the arguably biggest shortcoming of our analysis is the exclusion of turning points and the
resulting absence of connection formulae.

Keywords: Liouville-Green approximation, WKBJ, reaction-di usion systems, Airy functions

Abstrakt. V snahe o verneg popis biologickejci ekologickej reality sa Turingov model stal
objektom viaceych modikaci a zowseobecnen, ktoe spravidla d ‘alej pridajy prslssremu
sysemu realcno-ditiznych (RD) rovnc na komplexnosti. Medzi tieto zowseobecnenia patr a|
koncept priestorovej heterogenity, ktoy - v reci matematiky - zmen linearizovary RD sysem
ODR z autoromneho na neautoromny,cm sa rajdenie analyticleho riesenia (i linearizovanej
sustavy) shva prakticky nemarym. Powitie aproximatvnych mebd wsak umanuje skumat

nielen kvalitatvne, ale aj kvantitatvne vlastnosti tohto spravidla nezrameho presreho riesenia,
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ako to ulazala anayza v podan Krauseho et al. [1] Ns text sa sustred na pola@enie matema-
tickych zakladov takejto asymptotickej analzy prostrednctvom aproximarych teoemov pre
Liouville-Greenovu aproximaciu (t.j. WKBJ aproxinaciu bez bodov obratu) riesenia linearnych
sysemov ODR v jednej priestorovej dimenzii, vatane odhadov chyby takejto aproxinacie. Ns
postup klasi kuje sysemy podl ‘a spektalnych vlastnost,co ram umanuje dosledne rozlsovat
prpad exponencalneho a oscilupceho riesenia, aby sme oba wsledky rasledne zhrnuli do
spolareho aproximacreho teoemu. Za zmienku azda stoj, ze pri tom nevywvame WKBJ
nody v klasickom tvare, ale miesto toho wvame zramych vlastnost Airyho funkci, ktoe vy-
kazup identicke asymptoticle chovanie, co sa odzrkadl ‘uje aj v prsitsnom dokaze. Nasledne
svoju pozornostobraciame priamo k RD rovniciam, u ktoych za 'turingovskych' predpokladov
nachadzame pave tie spektalne vlastnosti, na ktogch je postavery dokaz predchadzajcich
aproximarych teoemov. Tym demorstrujeme opavnenost ' vyuwitia ychto asymptotick/ch
rastrojov na skumanie RD rovnc a turingovskej nestability. Ako upozonujeme v sekcii veno-
vanej diskusii, najwznamnegm nedostatkom nasej anal/zy je neuvaovanie bodov obratu a s
ym auvisiaca absencia spojovacch formul.
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Abstract.  We study integrable and superintegrable systems with magnetic eld possessing
quadratic integrals of motion on the three-dimensional Euclidean space. In contrast with the case
without vector potential, the corresponding integrals may no longer be connected to separation
of variables in the Hamilton Jacobi equation and can therefore have more general leading order
terms.

We focus on two cases extending the physically relevant cylindrical and spherical type
integrals. We nd three new integrable systems in the generalized cylindrical case but none in
the spherical one. We conjecture that this is related to the presence, respectively absence, of
maximal abelian Lie subalgebra of the three-dimensional Euclidean algebra generated by rst
order integrals in the limit of vanishing magnetic elds.

We nd only one (minimally) superintegrable system among the integrable ones. It is the
rst system with a magnetic eld which does not separate in any coordinate system. The results
can be applied to the relativistic case as well due to vanishing scalar potential. This is crucial
for the potential applications: Our system models an electron injected into a helical undulator
inside an in nite solenoid, a key component of free electron lasers producing powerful pulses of
circularly polarized radiation.

Keywords: integrability, superintegrability, magnetic eld, generalized cylindrical and spherical
cases, classical mechanics

Abstrakt.  V této praci se zabyvame integrabilnimi a superintegrabilnimi systémy s magne-
tickym pole ve t°idimenzionalnim Euklidovském prostoru, které maji kvadratické integraly po-
hybu. Proto®e tyto integraly v p°ipad¥ s magnetickym polem nesouvisi se separaci prom¥nnych
Hamilton-Jacobiho rovnice, mohou mit jejich £leny nejvy22iho °adu obecn¥j?i tvar.

Zam¥°ujeme se na dva fyzikaln¥ relevantni p°ipady, konkrétn¥ roz2i°eny cylindricky a sféricky.
V roz?i°eném cylindrickém p°ipad¥ nachazime t° integrabilni systémy, v roz°i°eném sférickém
v2ak °adny. Domnivame se, °e by to mohlo souviset s maximalni abelovskou Lieovou podalge-
brou t°idimenzionalni Euklidovské algebry generovanou integraly prvniho °adu, ktera v limit¥

" This work was supported by the Grant Agency of the Czech Technical University in Prague, grant
No. SGS22/178/OHK4/3T/14
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nulového magnetického pole bux je, nebo neni p°itomna.

Mezi t¥mito integrabilnimi systémy nachazime pouze jeden (minimaln¥) superintegrabilni
systém. Jedna se o prvni systém s magnetickym polem, ktery neni separabilni v °adné sou-
°adné soustav¥. Proto®e ma tento systém nulovy skalarni potencial, plati tyto vysledky i pro
relativisticky p°ipad. To je zadsadni pro potencialni aplikace, nebo” n42 systém popisuje elektron
prolétavajici 2roubovicovym undulatorem, ktery je vno°en do solenoidu. Ten je klifovou kom-
ponentou laseru na volnych elektronech, ktery produkuje silné pulsy kruhov¥ polarizovaného
zaeni.

Klifova slova: integrabilita, superintegrabilita, magnetické pole, zobecn¥ny cylindricky a sféricky
p°ipad, klasickd mechanika

Full paper: O. Kub-, A. Marchesiello, L. 'nobl. New classes of quadratically integrable
systems in magnetic elds: the generalized cylindrical and spherical casasXiv preprint,
arXiv:2206.15305 (2022). Currently submitted for publication, undergoing peer review.



A Fibonacci's Complement Numeration
System

Jana Lep2ova

3rd year of PGS, email:lepsojan@fjfi.cvut.cz
Department of Mathematics
Faculty of Nuclear Sciences and Physical Engineering, CTU in Prague

advisors:

%oubomira Dvo°akova, Department of Mathematics
Faculty of Nuclear Sciences and Physical Engineering, CTU in Prague

Sébastien Labbé, Laboratoire Bordelais de Recherche en Informatique
Université de Bordeaux & CNRS

Abstract. With the two's complement notation of signed integers, the fundamental arithmetic
operations of addition, subtraction, and multiplication are identical to those for unsigned binary
numbers. In this work, we consider a Fibonacci-equivalent of the two's complement notation. A
transducer provided by Berstel computes the sum of the Zeckendorf binary representation of two
nonnegative integers. In this work, we consider a numeration system also based on Fibonacci
numbers but representing all integers. As for the two's complement notation, we show that
addition of integers represented in this numeration system can be computed with the Berstel
transducer with three additional transitions. Whether this can be done more generally is an
open question raised by the current work.

Keywords: two's complement, numeration system, transducer, Fibonacci

Abstrakt.  Two's complement (komplementarni do dvou) reprezentace celych £isel maji vlast-
nost, %°e zakladni aritmetické operace s£itani, ode£itani a nasobeni jsou stejné jako u klasickych
binarnich reprezentaci p°irozenych £isel. V tomto p°isp¥vku p°edstavujeme analogii komplemen-
tarnich reprezentaci k Fibonacciho reprezentacim. Berstel-v transducer z roku 1986 provadi
s£itani Fibonacciho reprezentaci dvou p°irozenych £isel. V tomto p°isp¥vku zkoumame nume-
raEni systém, ktery ma jako bazi také Fibonacciho £isla, ale reprezentuje v2echna cela £isla.
Doka®eme, °e sfitdni dvou reprezentaci celych £isel v tomto numeraEnim systému Ize provést
Berstelovym transducerem se t°emi p°idanymi hranami. Soufdasti dal?iho vyzkumu je otazka,
pro jaké dal?i numera£ni systémy lze tento postup zobecnit.

Klifova slova: two's complement, numeraEni systém, transducer, Fibonacci

1 Introduction

A nonnegative integer can be written as a sum of powers of 2 which gives rise to its
binary expansion over alphabet = f0;1g. Binary representations can be added with a
standard algorithm - starting from the least signi cant digit and transferring a carry at
each step. In the case that one of the representations is shorter in length, it is padded
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with the pre x of leading zeroes, as in the following example.

11 01011
+17 10001 (sum of binary representations)
28 11100

Among all the ways to generalize this approach to all integers including negative ones
is the two's complement notation, see [11, Y4.1]. In the two's complement representation
of integers, the value of a binary wordv = wewy 1 WiWg 2 K*1 s

|
vale(W) = w2 w2<: (1)
i=0

It can be seen that for everyw 2, val,(00w) = val ,.(0w) and valy(11w) = val c(1w)
and for everyn 2 Z there exists a unique wordw 2 * n(00 [ 11 ) such that
n = val ,.(w). The word w is called thetwo's complement representatiorof the integer
n, and we denote it byrep,.(n).

The main interest with the two's complement notation is that the fundamental arith-
metic operations of addition, subtraction, and multiplication are identical to those for
unsigned binary numbers. For example, we perform below the addition of the represen-
tations seen previously, this time interpreting them in the two's complement notation.
The rst word has the same valuevaly(01011) = 22+ 21 + 29 = 11 but this time
valye(1000) = 24+20= 15

11 01011
15 10001 (sum of two's complement representations)
4 11100
The value of the resulting word isvaly(11100 = 2*+23+22 = 4 which conrms

the computation is correct. Notice that the negative integer 4 has a shorter two's
complement representation and in particularep,.( 4) = 100.

Integers can also be expressed in other numeration systems [9, 8]. A typical example
uses the Fibonacci numbers instead of the powers of 2. L@,), o be the Fibonacci
sequence de ned with the recurrence relatiok, = F, 1+ F, 5, foralln 2, and the
initial conditions Fo = 1, F; = 2, following a convention for the Fibonacci numeration
system [5]. A result attributed to Zeckendorf [13, 4, 3] and published by Zeckendorf much
later [20] (see also [10, Exerciqg 1.2.8.34]) says that every nonnegative integean be
represented as a unique sum = :‘:O w; F; of nonconsecutive distinct Fibonacci numbers
wherek = maxfi2 N:F;, ngandw = w, wp 2 n 11 . We refer to this
numeration system onN as the Zeckendorf numeration system, we denotal; : ! N
its numerical value function andrep, : N! n 11 its representation function.

In [1], an algorithm is given to compute the addition of nonnegative integers repre-
sented in the Zeckendorf numeration system. The representatioasw 2 X (of which
the shorter in length is padded with leading zeros) are added digit by digit to obtain a
word u 2 f 0;1;2g¢ of the same lengthu = (vic 1 + Wi 1):::(Vo + Wp). The word u is
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given as input to a 10-state transduceflz [1, p. 22] calledthe adder by Berstel reading
from left to right. The word T, (u) 2 **3 is a binary word written only with 0 and 1
with the correct Zeckendorf valueval; (Tz (u)) = val z (v) + val z (w).

18 0101000
+28 1001010 (sum of Zeckendorf representations)

46  1102010! Berstel adder! 0010010101

However, it is not necessarily in the normal form, that is, the outputted wordT; (u)
of the Berstel adder may contain consecutivé's. It is known [1, 17, 6] that no single
right-to-left and no single left-to-right transducer can normalize the wordi 2 f 0; 1; 2g~.
Motivated by the study of aperiodic tiling of the plane by Wang tiles, a numeration
systemF representing all integers irnZ in a unique way based on Fibonacci numbers was
introduced recently [12]. The goal of this contribution is to prove that it is the Fibonacci-
equivalent of the two's complement notation. More precisely, we prove herein that the
numeration systemF is such that addition is performed using Berstel's adder (with three
additional transitions) regardless of the sign of the entries. The numeration system
is based on a value mapals : () I Z de ned for every odd-length binary words
W= WyWa 1 W2 2 as

% 1
valg (w) = Wik woFax 1 ()
i=0

which is an analog of (1) using Fibonacci numbers instead of powers of 2.

The numeration systemF extends naturally to Z? and, in [12], it was used together
with a certain automaton A to describe a particular aperiodic Wang shift .

In this contribution we prove the following result which extends the two's complement
arithmetical properties with respect to addition to the numeration systent. We refer
the reader to De nition 2.7 for the formal de nition of the sum of two representations
rep: (n) + repe (M) which involves the padding of the eventual shorter word with an
appropriate neutral pre Xx.

Theorem 1.1. Let Tg be the Berstel adde; to which three transitionsS !Oj" 00Qo0,

sV 1017 and S1?" 1006 were added from a new initial states replacing the original
initial state. The transducer T¢ is a mapf0;1;2g !'f 0;1g such that

valg (Tr (repe (n) +repe (m))) = n+ m
for everyn;m 2 Z.
For example, using the numeration systerk , we compute

18 0101000
+( 6) 1001010

12 1102010! modi ed Berstel adder! 110010101 10101
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Our main result is based on the Berstel adder, introduced in [1] for the addition of
nonnegative integers irN. A proof that Berstel adder works was provided in [7, Corollary
4] based on the numeration system in the real base= “2 °, see also [5, 6]. Another
proof follows from [2, Y2.3.2.3] where it is proved that normalization in the real base
can be done with a nite automaton when is a Pisot number. Pisot numbers are Parry
numbers. We extend numeration systems associated to a subset of Parry numbers called
simple Parry numbers toZ in the hope that in the ongoing work we will prove that they

all have the property of addition onN and Z being performed by the same algorithm.

2 A Fibonacci Numeration System for Z

In this section, we recall the numeration systenk introduced in [12] which is de ned by
the value mapvalg : () I Z given in Equation (2) where = f0;1g. The rst
observation to make on this value map is given in the next lemma.

Lemma 2.1. For every wordw 2 of even length, we have
vale (000w) =val ¢ (Ow) and valgr (101w) = val ¢ (1w):
Proof. Let w= wy 1 Wp2 be of even length. We have
x 1 X1
valg (101w) = WiFi+ Fox  Foxer = WiFi  Fx 1 =valg(1w): O
i=0 i=0
Thus 00 or 10 can be used to pad words without changing their value.

De nition 2.2  (Neutral pre x) . Let w 2 be of odd length. We say tha0 (10 resp.)
is the neutral prex ofwif w20 (if w21 resp.). We denote it byp,.

The following Lemma is an easy exercise on Fibonacci recurrence. It allows to deter-
mine the sign ofvalr (W) based only on the rst digit of w.

Lemma 2.3. Foreverywordw?2 n 11 of even length we have
1. 0 valg (0w) < F %,
2. Faw1 valg (100w) < 0.
The following Proposition was proved in [12].
Proposition 2.4. For everyn 2 Z there exists a unique odd-length word
w2 () n( 11 [000 [ 101 )
such thatn = val ¢ (w).

De nition 2.5 (Numeration systemF for Z). For eachn 2 Z, we denote byrepg (n)
the unique word satisfying the proposition.
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The neutral pre x can be used to pad words so that they all have the same length.
De nition 2.6  (Pad function). Let u;v2 () . We de ne

u _  pad(u)

Pad = pad (v)

wherek = maxfj uj; jvjg and pad, (w) = p,zki Wdw for everyw 2 f u;vg wherep, is the
neutral pre x of the word w.

The padding allows us to de ne the sum of words or to represent coordinates 2
in dimensiond 1. Here we consider the casgé= 2.

De nition 2.7 (Sum of two words) Let = f0O;1gandu;v 2 . Then we dene
sum : I'f 0;1;29 as
sum@;v) = (U 1+ Wk 1) (Up+ Vo) Wwhere e 2 oo pad y
Vk 1.1V %

De nition 2.8  (Numeration systemF for Z?). Let n = (n4;ny) 2 Z2. We de ne
repe (1)
repe: (n2)

In what follows, we need the following relation between the numeration systeffmand
the usual Zeckendorf numeration system.

repe (n) = pad

Lemma 2.9. Letu2 2%*! for somek 0. Thenvalg(u) =valz(u) UxFoxs1.

Proof. The observation follows from
X 1 % 1

valz (u) = uxcFa + UFi = UxcFoker  UxFox 1+ UiFi = UxFasq +valg (u): O
i=0 i=0

3 Addition of Zeckendorf representations on N

A sequential transducerT as de ned in [18] is a septuplel = (Q;A;B ; ; ;i; ) where
(Q;A; ;i; ) Iis adeterministic automaton overA with the partial function :Q A'!
Q, the output functon : Q A ! B andthe nal functon :Q! B . We
restrict ourselves to letter-to-letter transducers, i.e. : Q A ! B. Reading a word
U= u:::Up 2 A, the transducer T moves between statesy 2 Q, with ¢ = i and
G+ = (& uk), outputting sequentially one letterwy, = (o&k;ux) 2 B for each input
letter ux 2 A. After reading the whole wordu the deterministic automaton is in a state
g+ 2 Q and the value (g+1) is concatenated at the end of the output wordw- : : : wo,
see also [7]. We writeT (u) = w-:::wWp (G+1). By writing T(q;u) we mean that the
transducer starts in an initial stateq2 Q, i.e. T (i;u) = T (u).

The main result of this article is based on a transducer proposed by Berstel in [1,

p. 22] which we call the Berstel adder, reproduced in Figure 1.

Theorem 3.1. The Berstel adderT; ful lls that for every input u 2 f 0; 1; 2g , it outputs
a word Tz (u) 2 f 0; 1g with same value for the Zeckendorf numeration system:

valz (u) = val 7 (Tz (u)):
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[oon1 | [o103 | [1005 |

001.2 010.4 I 100.6

Figure 1: The solid edges represent the directed labeled gra@hwhich which can be
folded (after merging equivalent states) into the sequential transducdi; known as the
Berstel adder. A vertex reached from a pattu has an ellipse shape if and only i@
is minimal with respect to the radix order within the equivalence clasfu] and has a
rectangle shape if itu v for some wordv <,,q u. The solid and dashed edges with
the additional initial state S represent the sequential transducells which deals with
representations of negative integers as well.

4  Addition of representationsin F on Z

The algorithm for addition on Z takes two integersni;n, 2 Z as input. The vector
n = (ng;ny) 2 Z2 is represented in the numeration systenfr. Then the coordinates
of rep: (n1; ny) are are added digit by digit, giving rise to a wordu = sum(n) on the
alphabetf0; 1; 2g. In this section, we prove Theorem 1.1.

We derive a transducefTg from T; asTg = (Q[f Sg;f0;1;29;f0;1g; r; £;S; ) by
adding a new initial state S and extending ; and ; of Tz in the following way

" for everyq 2 Q and everyup 2 10;1;29, r(Q;W) = 2z(O;W) and £ (Q;W) =
z(9; W),
~ £(S;0)= 0000, £(S;1)= 1017, £(S;2)= 10086,

N

F(S;u) = " for everyug 2 f 0; 1; 2g.

Obviously starting from every stateq 2 Q di erent than S, the transducersTz and Tg
have the same output for everyu 2 0;1;2g , i.e. Tz(q;u) = T:(q; u).

Proof of Theorem 1.1.1. Let u = 0u®2 0f 0; 1; 2g?. We observe that from the de nition
of the transducersTz and Tz that Tz (0u% = T2 (u9 and T (u) 2 0 %*2. Then using
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these observations, Lemma 2.9 and Theorem 3.1 we derive
vale (Te (u)) = val z (Te (u)) = val z (Tz (u9) = val z (U9 = val z (u) = val ¢ (u):

Il. Let u 2 1f0;1;2g?. Then eitheru = 10u®or u = 11u®for someu®2 2 1 From
the de nition of the transducers T and T; we observe that ¢(S;10) = 7(000.0;10)
and ((S;11) = z(00G.0;11). Moreover,

Te (10u9 = 1T¢ (010:3; u9; T, (10u% = 00T, (010:3;u%) = 00T: (010:3; ud;
Te (119 = 1T (100:5; u9; Tz (1119 = 00Tz (100:5;u% = 00T (100:5; u9:

Thus we can summarize that foru 2 1f 0; 1; 2g? there exists a uniquew 2 %*2 such
that T (u) = 1w and Tz (u) = 00w: Using the previous observation, Lemma 2.9 and
Theorem 3.1, we derive the statement

valg (u) + Faca = valz (u) = val z (Tz (u)) = val z (w)
=valz (1w) Foz =valp (Iw) + Fokss  Foxsz =valp (Te (U) + Foxar
lIl. Let u 2 2f0;1;2g%. Then either u = 200u® or u = 201u° for some u°® 2

2 2 From the de nition of the transducers Tz and T; we observe that (S;200) =
z(000:0;200) and ((S;201) = (00G.0;201). Moreover,

001T7 (001:2; u%) = 001T: (001:2; u%;
001T, (010:4; u%) = 001T: (010:4; uY:

T (200u9 = 10T (001:2; UY); T2 (200u9)
Te (2019 = 10T (010:4; u9; T, (2019

Thus we can summarize that foru 2 2f0; 1; 2g% there exists a uniquew 2 %*! such
that T (u) = 10w and Tz (u) = 001w: Using the previous observation, Lemma 2.9 and
Theorem 3.1, we derive the statement

valg (u) + 2Fa1 = valz (u) = val 2z (Tz (u)) = val z (Iw) = val z (10w) + Foxer  Fokez
=valz (10w) Fy =valg (10w) + Fawz  Fo = valg (Te (U) + 2 Foxaa

where we used the property that for every 0, 2F> 41 = Fouz  Fp. O]

5 Complement version of Simple Parry numeration sys-
tem

In this section, we explore an extension of the numeration systef to numeration
systems based on simplepParry numbers, see [8]. Fibonacci numbers are closely related

to the golden mean = % which is a simple Parry number.

Parry numbers are real numbers > 1 with Rényi expansion of unityd (1) = (t;); 1
which is eventually periodic. The Parry numbers whose Rényi expansion of unity (1)
is nite are called simple Parry numbers. The Rényi @(pansion of unity in the base
which is nite is such that d (1) = t;:::t, impliesl = % (see [16] for the formal
de nition). The in nite Rényi expansion of unity d (1) of a simple Parry number is then
denedasd (1) =limy 1 d (X)=(ty:::tm 1(tm 1))
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For all real > 1, if we denoted (1) = (t;); 1, there is a numeration systemU
canonically associated with de ned be

U, =tU, 1+ +t,Up+1; foralln O: 3)

We denote  the alphabet = f0;%:::;Cy  1g whereCy := sup, dUn+1=U,e <
+1 . The following steps may be done more generally for all Parry numbers but for
simplicity we restrict ourselves to simple Parry numbers. For the canonical systerus
associated to > 1 simple Parry numbers withd (1) = t,:::ty,, we can derive a linear

recurrence relation -

U, = tiU, i foreveryn m: 4)
i=1

The golden mean fullls that d (1) = 11 and we observe thatl = 2 + L. Thus the
golden mean is indeed a simple Parry number arai (1) = (10)' . The linear recurrence
relation of the associated numeration systerd is exactly the Fibonacci recurrence.

For > 1 a simple Parry number, the greedy representationep (n) of nonnegative
integersn 2 N possibly preceded by leading zeroes form a regular language accepted by
a deterministic nite automaton (DFA) denoted A ., (see [15]), in other words

L(A q,) =0 rep (N): (5)

Ln(A qu): L(A ’ql)\ n.
Lemma 5.1. The automatonA .4, fulls that #L,(A 4,) = U, for everyn 2 N.

Let us denoteA .,, the DFA which arises fromA ., by changing its initial state to

n 2 Z. As a consequence of Lemma 5.%;,.; = U, for everyn 2 N. Naturally, V,« =0
for all n < 0. For every wordw = WyWy 1:::Wg 2 N*1 for someN 2 N, we de ne

k - P N 1 .
val*(w) = 2o Wil wy Vi (6)
We extend the automatonA ., to an automaton A* by creating a new initial state S
and adding two new edge§ 0 . and S ! g sothatL(A )=0L(A,4,)[ 1L(A q4,)-

Proposition 5.2. Let k 2 f1;:::;mg. For everyn 2 Z there exists a unique word
u2L (A (™) nOO0™ [1pc ) such thatval(u)= n, wherep = ti:::tm 1(tm
Dty :::tx 1 Is the associated neutral padding word.

Note that in the numeration systemF, the padding by neutral pre x p, = 10 of a
wordw = 1w°2 1  can be seen in this more general setup as putting a neutral padding
word p, = 01 after the initial letter 1, i.e. p,Iw°= (10) 1w°= 1(01) w°= 1pw°

De nition 5.3  (Numeration systemV. ). Let k 2f 1;:::;mg. For n 2 Z we denote by
rep(n) the unique wordu from Proposition 5.2.
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If U is a numeration system associated to a Pisot number (Pisot numbers are
Parry numbers, see [19]) such that the characteristic polynomial & is the minimal
polynomial of the number , then addition of nonnegative integers in the numeration
systemU can be performed by a nite transducer, see [14, Y 7].

Question 5.4. Let > 1 be a simple Parry number with its associated transducer for ad-
dition on N. Can we extend this transducer to handle addition ahusing the complement
version of the numeration systenV . ?

To achieve this, it is needed to extend Theorem 3.1.

6 Proofs of results in Section 5

F :
Proof of Lemma 5.1. From Equation (5) we haveL,(A 4,) = ,fOrep (j):jrep (j)j =
n ig. From the greediness of the representatiomep we have that for any integem 2 N,
#fi2 N:jrep (i)j=ng=U, U, 1 (where we considet ; =0). Together,

X
#Ln(A 4,)= (U U 1)= U, for everyn 2 N: O

i=0
We state the following observation without proof.
Remark 6.1. For any wordw?2 ,if w2L (A 4,) thenw2L (A 4,).
Lemma 6.2. Vix = 4 taUn @ ke foranyn m  k+1.

Proof. The paths starting at g of lengthn 2 N reach the stateq, after at mostm k+1
edges. Letd denote the smallest number of edges after which a path of length2 N in
the DFA A ., reaches the statey. Then

mG<+1 @
Ln(A q,) = Ln a(A )= Ln @ k) (Agy):
d=1 d=k
Foranyi 2 f 1;:::;kg, the amount of di erent paths from g to g, of minimal non-zero
length ist;. The result is a consequence of Lemma 5.1. m

We omit in this material the technical proof of the following Lemma which is based
on the reccurence formulas (3), (4) and Lemma 6.2.

val*(Iw) = val K (Ltetier 2itm 1(tm Dty i1t 1W):

We denotepy = ty:::tym 1(tm  Dti:::te 1 the neutral padding word for a certain

the setL (A 4,) Npc  to the interval of integersftn2 Zj Vi N< Vi mik0.
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Proof. We see that ifjwj = 0 then Vpx = val"(l) 1< 0=V k. Letus assume
that jwj= m" for~ 1. Then

val“(w)  val(10™ ) = Vi
The lexicographically largest wordw 2 L (A .q ) NP IS

Wimax = teiiitm 1(tm Dtriiite o(te 10 Dty a(tm 1) 5
Then we see that

val(1w)  val (Iwmax) = val * (1p0¢ P™)  Up gym +val ((ta::itm 1(tm 1)) 1)
=val*(1p0" ™) Ur pm+ Ue oym 1= Ve m 1< Vi m

Therefore the codomain of the mapv 7! val*(1w) is indeed the interval of integers
fn2Zj Vimxk N< Vim0

Next we show that the domain and the codomain of the maw 7! val*(1w) have
the same cardinality. IndeedlL ' (A 4, ) NP« = L (A g ) NPkLm m(A 4,) and thus
#Lm (A §Qk) N Pk = Vmk Vo mk =# fn2 Z] Vink N< Vp mk0:

It su ces to show that the map w 7! val*(1w) is injective. We assume by contradiction
the existence ofv;w°2 L (A 4, )Npc  such that val“(1w) = val ¥(1w9. Consequently,
val (w) = val (W9. Leti;i®2 N be the maximal exponents so thatw = O'v and
wo= 0'°vOfor some wordsv; 22 . By Remark 6.1,v;v°2 L (A 4,) and v; P are greedy
representations in the numeration systen ful lling val (v) =val (v9. It follows that
v = vPand thusw = w° O

the setL (A q,) n0O™  to the interval of integersftn 2 Nj Uy 1y nN<Upo.

Proof. We see that ifjwj = 0 thenU ; = val*(0)0 < 1 = U,. Let us assume thajwj = m’
for™ 1. Then

val*(ow)  val*(00" *10"C Y) = Upe 1

On the other hand, the wordw is a greedy representation possibly preceeded by leading
zeroes and therefore

val“(ow) =val w<Up:

Therefore the codomain of the mapv 7! val“(Ow) is indeed the interval of integers
fn2NjUne 1y n<Upag

Next we show that the domain and the codomain of the maw 7! val*(Ow) have
the same cardinality. Indeed,Ln (A 4,) N0™ = Ly (A 4,) NO"Line 1y(A 4,) and
therefore# Ly (A q,) N0" = Viia Ve 92= Un Une o:

It su ces to show that the map w 7! val(Ow) is injective. We assume by contradiction
the existence ofv; W°2 L (A ,,)N0™  such that val®(0w) = val ¥(0w9. Consequently,
val (w) =val (w9. To conclude we proceed as in the proof of Lemma 6.4 fo= 1. [
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Proof of Proposition 5.2. We denoteL = L(A¥)\ (™) n(00™ [ 1pc ).

(Existence): Ifn  Othen there exists a unique integer 2 N such thatUy,¢ 1y n<
Un . From Lemma 6.5 we obtain a wordv 2 L i (A ,4,) n0™  such that val“(0w) = n
and we setu = 0w 2 L. If n < 0 then there exists a unique integer 2 N such that

Vimk N<  Vpe k. From Lemma 6.4 we obtain a wordv 2 L , (A 4, ) NP« such
that val“(1w) = n and we setu=1w 2 L.

(Unicity): Let us assume by contradiction the existence ofi;u® 2 L such that
val*(u) = val“(u9. Ifu2 0 then by Lemma6.5val“(u) 0and thereforeval“(u9 0.
This impliesu®2 0 by Lemma 6.4. Then by Lemma 6.5u = u®% If u2 1 then
by Lemma 6.4,val*(u) < 0. Thereforeval“(u9 < 0 and by Lemma 6.5,u® 2 1
Consequently, by Lemma 6.4y = u®. O
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Abstract.  The contribution deals with the model of an oligopolistic market evolving over
several time stages, where the companies adapt to changing input parameters while considering
the cost of change of production. The Cournot-Nash equilibrium can be established and the
algorithm for computing the corresponding vector of production strategies for each company is
described.

Keywords: Cournot-Nash equilibrium, evolution, cost of change

Abstrakt.  Tento p°isp¥vek se zabyvad modelem oligopolistického trhu, ktery se vyviji v pr--
b¥hu n¥kolika obdobi, v nich® se spole£nosti p°izp-sobuji prom¥nlivym vstupnim parametr-m
a p°itom berou v Gvahu naklady na zm¥nu produkce. Zde m-°eme ur£it Cournotovo-Nashovo
ekvilibrium a popsat algoritmus pro vypo£et odpovidajiciho vektoru produkci pro ka®dou spo-
leEnost.

Klifova slova: Cournotovo-Nashovo equilibrium, evoluce, naklady na zm¥nu produkce

1 Introduction

The aim of this contribution is to describe a certain evolving oligopolistic market viewed
by the optics of game theory and variational analysis. The game theory considers the
encounters of agents, calleglayers and the sets of their possible behaviour, each instance
called astrategy, leading to possible outcomes. As a result of an outcome, each player
receives a (possibly negative) price. The aim of the players is to choose a strategy which
minimizes their loss functions.

The theory is due to John von Neumann, who proposed the general framework between
1928 and 1941, leading to the joint work with Oskar Morgenstern in the bookheory of
Games and Economic Behaviouf7].

In 1950, John Nash developed the concept of what is now knownMash equilibrium
a state in which it does not pay o to unilaterally change the strategy.

The notion of equilibrium is much older, however. In 1838 Auguste Cournot used it
for the market with two competing producers. The said market is calleduopoly, later
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generalized for more players intaligopoly. The Nash equilibrium in such a market is
known asCournot-Nash equilibrium

One of the many models the Cournot-Nash equilibria can be sought for is due to Sjur
Didrik Flam, [5], who proposes to repeat the game in discrete time steps and consider
the cost related to each change of production, leading to a nite sequence of equilibria.
Ji°i Outrata suggests considering this game not in each time step separately, but as an
evolutionary equilibria over the planning horizon of several time stages. This contribu-
tion describes the case when the players know what the parameters will be and plan
accordingly.

The paper is structured as follows. Section 2 describes the model of the market,
followed by Section 3 with the necessary background from the modern variational analy-
sis. Section 4 brie y explains the splitting methods and the forward-backward splitting
method that is used in the computation. Section 5 describes the computatition itself and
contains the algorithm. Finally, Section 6 gives the parameters and concrete functions to
the model. These were taken from [9], where the equilibria are computed separately for
each time step.

Throughout the text, the following notation is employed.F : R" R™ is a set-valued
mapping, domF is its domain,R = R[1 is the extended real line, for a con& , K
signi es its (negative) polar cone ankjA denotes the convergence within a s&.

2 Model

In this section, we properly de ne the above-mentioned notion of Cournot-Nash equi-
librium and apply it to a speci ¢ model of oligopolistic market respecting the cost of
change.

De nition 2.1. A (non-cooperative)Cournot-Nash equilibriumof an oligopolistic market
with | players is a vector

(X1;::05%) 2 A A, such that x; 2 argming(x;;x i) for all i;
Xi2A;

wherex; is the production level of theith player from his set of feasible strategies;, and

of the ith player.

The ith player then aims to minimize the function ofs variables

S
minimize  G(pix) hxi; Y THI+ kg xi K
- t=1 (1)
subject to
xh2 AL t=1;00s;

wherex? is the initial production of the ith player and each production levek! is chosen
from the setA!  R" of feasible strategies of the playen is the number of qgmmodities in
the portfolio. Further, ¢ : R™ R"! R represent production costsT' = !:1 x!is the
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total production vector of commodities, the inverse demand function' : R™2 R"! R"
assigns to each value of parametg and the vector T! the vector of prices at which the
consumers are willing to demand. In addition, tkx!  x! 'k is the cost of change from
production x! * to x!, wherek k is an arbitrary norm and ! are non-negative constants,
all at time t.

Furthermore, we impose the following assumptions:

(S1) There exist open set8] R™: and open setsD! Al foralli =1;:::;1,t =

" ¢ are twice continuously di erentiable onB} D };
* d(p}; ) are convex for allp; 2 BE.

(S2) There exist open set8, R™z forallt=1;:::;s, such that

' is twice continously dierentiable on B, int R, and '(p; ) is strictly
convex on intR, for all p, 2 B;

~ # Y(py;#) is a concave function of for all p, 2 B.

them belongs to intR. .

Under these assumptions, it is the last term of the function that is responsible for
the nonsmoothness of the objective function. Fortunately, this nonsmooth term does not
depend on the production of the other players, only on the previous productions of the
player in question.

The assumptions further ensure that the famous Nash theorem for the existence of
an equilibrium can be applied:

Theorem 2.1 (Nash). Suppose that the sets of feasible strategiés are convex and

functions x; ! g(xi;x ;) are convex. Then there exists a Nash equilibrium.

By means of variational analysis, the uniqueness of the solution to the problem (1)
can be shown and the said solution computed.
3 Background from variational analysis
For readers' convenience, we review some basic notions of modern variational analysis.

De nition 3.1. Let A be a closed set irR" andx 2 A. Then

| A |
TA(x):LumsupTX: fd2 R"j9d ! dit & O:x+ dity 2 A 8k 2 Ng
t& 0

is the tangent (contingent, Bouligand) condgo A at X,

Na(X) = (Ta(x))
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is the regular (Fréchet) normal coneto A at x, and

Na(x) = Liinsup Ka(x)= fv2 R"j9x X Vi 2 Kia(xk) such that v ! vg
X

is the limiting (Mordukhovich) normal coneto A at x,
where the Limsup' stands for the outer set limit in a sense of Painlevé and Kuratowski.

If the set A is convex, the normal cones coincide.

To state the optimality conditions, we need the subdi erential. The notion of sub-
di erentials is much broader, though for a convex function it can be simply stated as
follows.

De nition 3.2.  Consider a (single-valued) convex functiofi : R” ! R and a point x
with f (x) nite. Then

@ix)=fvjf(x) f(x)+ hv;x xi; forall x2 R"g
is the (convex) subdi erential of a functionf at x.

The problem of minimizing the convex functiong over the setA is equivalent to
solving the generalized equation (GE)

02 @)+ Na(x):

For a monotone mappingT, its resolventJ.r = (1 + ¢T) ! with constant cis a single-
valued nonexpansive function. IfT is, in addition, maximal monotone, the domain of its
resolvent isR".

Further, for every positive the set of xed points of the resolvent is equal to the set
of zeros of the mapping, i.ex = J 1 (x) if and only if 02 T(x).

4  Splitting methods

Splitting methods are used for seeking solutions to a generalized equati@r2 T(x),
whereT : R" R" is a monotone mapping which can be written as the sum of two other
mappingsT = A+ B. We apply these methods in the situation when it is possible to
nd the resolvent of at least one of the mapping®\ and B, even though the resolvent of
T might be di cult to obtain.

The forward-backward (FB) splitting method can be used for the case wheA is
maximal monotone andB single-valued. The solution to the GEO 2 T(x) can be found
via the following iteration: with x 2 domA,

X = Joal(l aB)(X)): (2)

It is easy to see that0 2 T(x) is equivalent to cB(x) 2 cA(x) and again tox =
Jea((I ¢B)(x)). Thus the formula (2) is just a xed point iteration with a varying
multiplier ¢ at each step.

The method got its name because in each iteration it performs the “forward step’,
computing the value(I  ¢B)(x¥) and the “backward step', computing the resolvent of
A.
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5 Computation of optimal strategies of the players

The problem of minimizing the cost function of each player is equivalent to nding the
zero of a generalized equation representing the subdi erential of the cost function. As
the sum of smooth and nonsmooth terms, the GE can be written as the sum of the
single-valued and the set-valued part

02 Fi(p;x) + Qi(xi);

where the set-valued term for thath player amounts to

XS
Qi(xt i xd) = (G X )+ Na(x))
t=1
with 8
< 5 > a,
i a=, L o<a;

L =a

Furthermore, it can be shown that the termsQ; are maximal monotone, therefore the
FB splitting method is applicable to the problem.
It can be seen that, given some& > 0, the resolventJ.q, of Q; at an argument

where the vector(y';:::;y®) is the unique solution to the optimization problem
I X 1— ty2 ty,t ot t 1
minimize 2(y) zy +ciky. y kK
. = (3)
subject to

yh2 Al t=1;:00s;

The algorithm then can be stated as follows:

1: initialization: "> 0; ¢ > 0; k =0;x%=(x};x%;:::x?) 2 (A1) (A)) (A),
2:if dist( Fi((x;:0xD)R); Qi((xd;::;x¥)K)  "foralli=1;2:::;1then

3:  stop

4: end if

5: compute zX = xk cF(x¥) (forward)

6: for i =1;2;:::;1do

7: solve problem (3), arriving at the solutiony; = (yi;:::;y%)  (backward)

8. end for

9: setx**! = y: k=k+1 andgo to 2.

For the solution to the problem (3) the implementation uses the built-in Matlab
function fmincon.
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6 Example

Let us now consider an example from [9], the market with one product (n=1), ve compa-
nies (I=5) and three periods (s=3). The feasible sets are the following intervals constant
in time A} =[1;150] A, = = AL =[0;150} t = 1;2; 3, and the cost functions are of
the form

1+

citix) = Hxt + —oK, o) T

where the parameters; and K; are constant in time and taken from [8, Table 12.1], listed
in Table 1, and only parameterdd change in timet. The values oftf are listed in Table 2.

Table 1: Values of constant production parameters for companies.
Fimil Firm2 Firm3 Firm4 Firm5
Kild 5 5 5 5

i | 1.2 1.1 1.0 0.9 0.8

Table 2: Values of parameterdf changing in time.
b i=1 i=2 i=3 i=4 i=5
9 7 3 4 2
10 8 5 4 2
11 9 8 4 2

— o~ —
1
WN P

The cost of change tkx!  x! *k will appear only at production of companies 1, 2
and 3 with di erent time invariant constants

12015; 2:1; 3:2:
Further, the market is characterized by the inverse demand function
'(;T Y =5000 (T °; (4)

. iy . P .
where is a positive parameter termeddemand elasticityand T = = > x! is the total
supply of the commodity at timet.
The numerical computations in Matlab are in progress.

7 Conclusion

In this contribution, we study a model of a certain oligopolistic market during several
stages, leading to evolutionary equilibria, the existence of which is given by Nash theorem,
the uniqueness can be proved by methods of second-order calculus of variational analysis.
This is one of the results in the article in preparation [3].

This is work in progress and when the computations are nished, the results will be
compared to those of [9], where the authors compute equilibria for each stage separately
for the same market and data.

The FB splitting method used in this paper, though suitable for low dimensions such
as in our example, will have to be replaced with other methods in case of more complex
models.



Evolutionary Equilibria in the Oligopolistic Market Respecting the Cost of Change 97

References

[1] J.-P. Aubin. Optima and Equilibria, An Introduction to Nonlinear Analysis. Springer,
corr. 2nd ed., (1998). ISBN: 978-3540649830.

[2] A. A. Cournot. Researches into the Mathematical Principles of the Theory of Wealth
The Macmillan Company, New York, (1838, English translation 1897).

[3] M. fervinka, V. Lipovska, J. Outrata. Multistage Strategies for Players of Oligopolistic
Markets Respecting the Cost of Chang€022), article in preparation.

[4] F. Facchinei, J.-S. Pang.Finite-Dimensional Variational Inequalities and Comple-
mentarity Problems, Volume Il. Springer Science+Business Media, New York, (2003).
ISBN: 978-0-387-95581-0.

[5] S. D. Fldam.Games and Cost of Changeé\nnals of Operations ResearcB01 (2021),
107 119.

[6] J. Nash.Non-cooperative GamesAnnals of Mathematics54 (1951), 286 295.

[7] J. von Neumann, O. MorgensternTheory of Games and Economic BehaviouPrince-
ton University Press, Princeton, (1944).

[8] J. Outrata, M. Ko£vara, J. Zowe.Nonsmooth Approach to Optimization Problems
with Equilibrium Constraints: Theory, Applications and Numerical ResultsKluwer
Academic Publishers, Boston, (1998). ISBN: 978-1-4757-2825-5.

[9] J. V. Outrata and J. Valdman. On Computation of Optimal Strategies in Oligopolistic
Markets Respecting the Cost of Chang®lath. Meth. Oper. Res.92 (2020), 489 509.






Analogue of Mandelbrot set in Quantum
Puri cation Protocols with Higher Degree

Martin Malachov

7th year of PGS, email:malacmar@fjfi.cvut.cz
Department of Physics
Faculty of Nuclear Sciences and Physical Engineering, CTU in Prague

advisor: Igor Jex, Department of Physics
Faculty of Nuclear Sciences and Physical Engineering, CTU in Prague
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cation protocols of higher order evolution functions. Such protocols are important for maintain-
ing quantum information and communication practically realisable. Several interesting conjec-
tures are proposed based on calculations of the fractal dimensions.
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Abstrakt.  Tento £lanek prezentuje posledni vysledky o fraktélnich strukturdch generovanych
puri kaEnimi protkoly s evolu£nimi funkcemi vy22ich °ad-. Takové protkoly jsou nezbytné pro
udr®eni kvantové informace a komunikace v spolehlivém re®imu praktického uiti. Na zaklad¥
numerickych vypo£t- fraktalnich dimenzi formulujeme n¥kolik zajimavych hypotéz.

Klifova slova: fraktal, dimenze, kvantova informace a komunikace

1 Introduction

Quantum information and communication represent modern technological branches of
science with a promise to change the world. Still, much remains to be done before
guantum computers would a become common part of our lives. One of the biggest problem
of quantum states to be successfully kept and manipulated is the decoherence. The
inescapable interaction with the environment and the quantum nature of the physics cause
the pieces of information, qubits, to be damaged. Few algorithms have been proposed, e.g.
analogues to error correcting codes to keep the quantum information and communication
realisable.The algorithms may rely on multiple copies sent with a control mechanism that
can detect the state disruption.

Our focus will lie in a di erent type of algorithm which was in its fundamental form
proposed in [1], formally transferred to arbitrary dimensions in [2] and further investi-
gated in [3]. In the last paper it was shown that the nonlinear character of the protocol
application causes emergence of the chaos in its pure form, easily understood via sensitive
dependence to initial conditions. One of the typical features of the chaos is revelation
of fractal shaped structures. We have previously [4] proposed single qubit version of
the protocol and have studied the fractal structure properties when applied to general

" This work has been supported by project CAAS with registration number
CZ.02.1.01/0.0/0.0/16_019/0000778.
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mixed states. Later, we have introduced [5] modi cations to the original protocol by so
called twirling gates. This enhancement gave rise to wide new sets of fractals showing
the chaos evolution can have many of theoretically possible regimes in an actual physical
implementation. Now, we show another generalisation of the protocol that naturally fol-
lows previous studies. After de ning the protocol and its action we brie y review basic
knowledge, then we propose new generalisations and focus on the features that remain
same as well as those that do di er from previously known state of art. In the end, we
brie y introduce concept of Mandelbrot set and generalise it to our case; the main result
being the pictures of Mandelbrot sets and their comparisons based on the parameters of
our generalised protocols.

2 Chaotic protocol

We would like to introduce the chaotic protocol now but we essentially need to formalise
the concept of qubit rst. It can be realised by any two-level physical system, e.g.
photons with two possible states of polarisation (horizontal, vertical). State of such a
system can be in its most general conditions described via density operator; given the so
called computational basis marking qubit state$0i ; j1i we can express the operator with
the matrix in the computational basis:

_ 1 1+w u+ivo 242 2
=5 U0 v 1w U v;w2 Rjuc+ ve+ w1 Q)
This form suggests geometrical interpretation of the qubit as a point in a three-dimensional
ball. The protocol of our consideration manifests as formula containing elementwise prod-
uct=: U U
| 0 ( ) (2)

Tr (U( )UY)

The matrix U is called twirling gate and it allows us to modi cate the protocol action.

The original protocol used the Hadamard gaté) = H = pl—i i 11 but we consider

all possible twirling gates and suggest to parameterise them in following wayt = TR
where

1 0 B COSX sinxe'
T=0e Re= sinxe ' cosx (3)
with anglesx; ; 2 [0;2 ). Of course, in the most general case such matrix can be

multiplied by any complex unit € but such global phase has no meaning for the physical
state, therefore we omit it. Earlier, in [5], we have derived evolution equations in terms of
w; u; v and we have shown that the asymptotic dynamics is equivalent for two protocols
with X1; 1; 1 andXp; »; 2 when they satisfy:

X1= X2 1 21= 2 23 4)

The meaning of the equivalence lies in the fractal structure which is the same for such
operators and we gave unique relationship among the attractors of the equivalent proto-
cols. This fact reduced the set of all possible twirling operators (generally depending on
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three angles) to only two e ective angles. Other symmetries have also been detected and
discussed in [5].

Now, we introduce further generalisation of the protocol. The original protocol used
one copy of the qubit to modify another copy. We suggest to use more copies, the scheme
of the new protocol is in gure 1. The key element is the cluster of CNOT operator which
are quantum version of the classical CNOT gates; such gate ips (or not) the value of
the target bit when the control bit is in state 1 (or 0). In quantum version, the states of
basis states. More about the quantum gates and their action can be found in [6] or other
books dedicated to quantum information. The projections noted in the scheme perform

Figure 1: Scheme of the generalised puri cation protocoh 1 copies of qubit are used
to repair the n-th copy via CNOT operators followed by measurement. The nonlinear
(even chaotic) behaviour arises from this measurement-based selection.

the ip and in this way they represent measuremenet-based selection. The projection
can be generally performed onto both basal statg€i;jli but the projection on the
latter states induces dull evolution where all states are mapped to a single state. Such
degenerated protocol has no relevant practical use (except for some possible reset of the
guantum state) and so we use projections of all states onj0i in the rest of this paper.
The evolution equations of the general qubit follow but rst we introduce factors

X n ) X n )
N, = Kk W W, = Kk W (5)
k even from O k odd from 1
U= Rew+iv)" ; vo=Im @+ iv)" (6)

that describe the nonlinear mapping imposed by the CNOT gates. The twirling operators
responsible for the geometrical modi cation remain in the same way as in the original
protocol and for that reason the evolution equations are
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There is a key observation that the twirling gates responsible for the geometrical
factors manifest the same way regardless of For this reason we can straightforwardly
adopt the proposition of the asymptotic equivalence and omit the parameter that can
be included into viarelation ,= ;1 2(, 1).

In this paper we restrict ourselves to study the evolution of the pure states so we can
implement the theory of complex functions and discuss the analogy of the Mandelbrot set.
For that reason we now remind that pure states form the Bloch spher& + v+ w? =1,
Such sphere can be identi ed with the Riemann sphere of complex numbers. One of the
easy ways to do so lies in the geometrical intuition again. Performing stereographical
projection with respect to the south pole of the Bloch sphere, i.e. staj&i: z = ‘i:—'vvv In
this way the pure state qubit can be described as a two-dimensional complex vectozlr ,
more precisely a ray of projective spac€P?, therefore depending only on one complex
parameterz. The evolution of the pure state than manifests as evolution map

z"cosx e ' sinx
Ccosx + z"é sinx

2°= fox (2) =

(8)

which is rational polynomial function for all considered twirling operators and the num-
ber of the qubit copies used. The number of the copies determines the degree of the
polynomials, the degree of the rational polynomial function.

We conclude we have families of protocols that depend in general on two parameters
- angles - of the twirling gate and the numben marking the degree of the function and
determined by the number ofn 1 qubit copies used to modify then-th one. All the
protocols manifest as rational polynomial functions of a single complex variable. For such
we can exploit the accessible theory sketched in next section.
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3 Mandelbrot set

The theory of complex functions of a single complex variable grew to a wide eld in the
last century thanks to names of Fatou, Julia and Mandelbrot. For the spatial reasons we
cannot give many of the fundamental theorems and refer to books like [7, 8].

The main conclusion drawn from the literature for our functions de ned on the domain
equal to the Riemann sphere follows: all the complex numbers are divided into two disjoint
sets of, vaguely spoken, regular points called the Fatou set of the function and the points
exhibiting chaotic behaviour called the Julia set of the function. The union of these two
sets forms the whole Riemann sphere. The shape of the Julia set is often fractal but of
course, it can be also a common set like circle. For the exact de nitions and overview of
the properties of the Julia and Fatou set, please refer to [7].

We determine the Julia set structure numerically as the analytical approach is im-
possible. After calculating the evolution of a grid of points we detect borders among
regions of states with the same asymptotical regime, these regions are called basins of
attraction. The states forming borders among the basins then belong to the s/et of our
interest. Being often a fractal we calculate its dimensiod using so called box-counting
method [9]. For each family of the function of orden depending on parameterg; we
obtain a single number, dimension of the borders of the basins of attractions. In this
way we obtained a map for eaclm: (x; )! d. The reason to exclude the parameten
lies in its physical and fundamentally important meaning. The orden (intuitively) has
marcant in uence on the speed of convergence. Yet it is unclear how it modulates the
fractal shapes.

Now we introduce the Mandelbrot set. It can be de ned in two equivalent forms.
Consider all complex functions of fornf.(z) = z? + ¢ wherec is a complex parameter.
Each such function creates so called lled Julia set which consists of points not diverging
to in nity which is critical attractive point for all such functions. It can be proven that
the lled Julia set of such functions is either path-connected or totally disconnected with
the Julia set being its border. We de ne Mandelbrot set

M;: = c¢2 Cjf(z) = z> + ¢ has connected Julia set (9)

The connected case automatically means that the Julia set has dimension equal at
least to 1. Unfortunately, there can be totally disconnected sets constructed in a way to
have arbitrary dimension. For example set of rational numbers is totally disconnected
but has dimensionl in the standard topology ofR. For this reason we cannot set up the
Mandelbrot set equivalently with the de nition based on dichotomy of the dimension of
Julia set but generally for more general families of functions

M ? = fc2 Cjf has Julia set with dimension 1g (10)

However, the setM {f) possesses one crucial property: it can be numerically approxi-
mated by calculating dimensions of the corresponding fractals via box-counting method.
We are also interested in the actual value of the dimension because it meaures (in its
way) the complexity of the chaotic behaviour. Functions with the Julia set of dimension

2 are important for that reason that each point (state) belongs to the Julia set and thus
is sensitive to the smallest perturbations.
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Alternative de nition of the Mandelbrot set is available thanks to Mandelbrot himself
asM; = fc2 Cjff "(0)jn 2 Ng is boundedyg. Alternatively saying the iterations of
critical point 0 do not converge to in nity. However, this approach is not viable for
rational polynomial functions of our consideration as there is no such pair of points with
the same properties guaranteed. Also the theorem linking the evolution of the critical
points with the connectedness of the Julia set is no more valid. The formal approach to
handle the Julia sets of rational polynomial functions lies in their de nition as a closure
of all repelling periodic points. Such de nition does not admit any easy classi cation
neither with respect to connectedness nor to orbits of critical points. For these facts we
restrict to the dimension as a su ceint, available and useful characteristic of the function.

To make tise context of the Mandelbrot set generalisation more reliable despite the
mentioned problems mentioned, we remark that our evolution functions 8 depend on two
real variables that can be composed into a single complex constabt= € tanx 2 C
though value ofx = 5 must be discussed separately then. For this reason we deal with
a single-parametric family of functions just like the Mandelbrot set.

4 Fractal dimension for generalised protocols

The analysis of pure states evolution clearly has following properties: the Julia set has
dimension equal at most to 2. Such case means that each qubit belongs to the Julia set
meaning it is sensitive to initial conditions. The protocol than loses its practical use for
entanglement distillation, where entangled states can be repaired after its perturbance.
However, one can e ciently use the protocol to create a random qubit. The evolution of a
generic state belonging to the Julia set runs densely through the Julia set - all states. Of
course, many iterations should be used to allow two initially closed states to be separated.

The calculation of the fractal dimension is performed by a selfmade script in Matlab
environment. The box-counting dimension [9] is computer-friendly simpli ed version of
the original Hausdor dimension expressed in terms of optimal coverings. The covering is
instead performed by a grid of frames (pixels or group of pixels) to count the sets covering
the object.

First we make few notes on the case of = 2, where the original protocol [1] takes
place withx = ;; =0. The fractal induced by correspondindy, has dimension= 1:55
and this dimension changes only slightly and continuously in the parameter neighbour-
hood.The modulation off also changes the attractor cycles yet for practical (i.e. experi-
mental) application the su ciently small perturbance to the protocol execution does not
yield drastic change of the result as could be expected from the chaotic nature of the
protocols. The exact description of this type of stability is not in the scope of this work
and we move on to the topic of Mandelbrot set.

The reason to take only parameter? [0; 5] is in the inner symmetries, e.g.x and
x + give the same function which can be seen easily from 7.

The result of calculated relationshipx; ! dfor n =2 is shown in gure 2. While
there seem to be regions where the dimension changes only slightly and smoothly, like
large regions ofx close to0 or 5 where the fractal is formed by a closed curve with
d = 1, region nearx = 2: = 0 where the dimension evaluates tal = 1:55, or large

region atx = ;; = 5 where the dimension reaches values close to 2. These regions
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Figure 2: Overview of the dimension depending on the twirling angles (horizontally),
(vertically from top to bottom). The dimension is represented by the colour coded in
the scheme to the right. The generalised Mandelbrot sé (f ... ) is the complement of
the black region which marks parameters for which the box-counting method nds only
a set of points (dimensior0D < d < 1), typically signalling totally disconnected Julia set.

seem to be bordered by thin layers, possibly curves of sudden changes. We have to
be aware of the fact that the box-counting is a numerical method burdened with error
that can cast a bias to the results. Such bias is obvious far = 0 where the function

is f(z) = z? and the unit circle is distorted to a fuzzy shape. The fuzziness causes
e ect where neghbouring pixels are aslo counted to the covering while they would not
be when working in higher resolution. The resolution and computational demands are
the natural drawback of this method, therefore we didn't choose higher resolution of the
image 2. Still, the bene ts of the method are far more valuable at this moment where
we check qualitative characteristics. And being aware of the complications we can avoid
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misinterpretation of the results. One of the misinterpretation would be that the black
region of seemingly dimension zero means that the Julia set is empty. From the theory
[7] the Julia set for any rational function is nonempty. However, the region capture the
Julia sets that are totally disconnected. The set of points cannot be well captured by the
boxes of the box-counting method yielding numbex 1 that does not have to match the
true dimension and typically is much lower, close to 0. Yet our purpose was to show the
generalised Mandelbrot set and the black region is the complement MfYf .. ). The
impairment of the box-counting method actually turns out useful in this case of Julia sets
with d < 1.

For the higher ordersn we present an overview in gure 3. There are three crucial
ndings. First, there appears to be an additional symmetry in terms of depending on
the value ofn. E.g. the shape found fom = 3 seems only slightly modi ed and copied
three times in the image fom. Generally, our conjecture suggests there are 1 copies
of n = 2 similar shape ton odd casen 2 copies ofn = 3 similar shape for protocols
of ordern odd. To prove this metasymmetry in the function of dimensiord, = d,(X; )
is probably formidable task because no theoretical prescripton for the dimension can be
given and the nummerical methods can never give a result precise enough. At the moment
we cannot give any advice how to penetrate into the hard task of this conjecture.

The second nding is that the cases of oda yield qualitatively di erent generalised
Mandelbrot sets than those of evem. The box-counting method has not detected Julia
sets with d < 1 for odd n. Such result would imply the Mandelbrot set is equal to
the whole parameter space, still there is the uncertainty of the nummerical error as
totally disconnected sets of dimension close to one can be assigned dimension 1 by the
box-counting just as it could happen for the set of rational numbers in the line of real
numbers.

Third crucial nding is that with increasing n the values ofx which yield fractal
shaped Julia sets concentrate near value= ;. The numerical value of the dimension
forx = 45 =0 has been determined to be very near (within the precision of the box-
counting) to the value 1:55 (obtained for n = 2) for other values ofn up to 8 too. We
propose a conjecture that the dimension of the Julia set of the corresponding functions
fr=40(2) = iﬂ—ﬂl is the same regardless af. Again, without any analytic clue to the
dimension value this task is uncrackable.

Last point of our results is that forn = 2;x = %i; = 5 the corresponding function
f(z) = ffrziz can be shown to have Julia set equal to the whole Riemann sphete

Each state undergoes deterministic chaos. Such feature might repeat for even values of
n though not for the odd values. This conjecture can be possibly grasped using tools of
geometrical transformation and multiple covering of a thorus that are used to argument
the proof for then = 2 case, see [10].

5 Conclusion

The fact that the dimension of the Julia sets re ects the even-odd order is very inter-
esting and de nitely deserves further, hopefully analytical work though the task seems
impossible to be grasped at the moment. The symmetry in terms of when the order

n is changed is also very interesting and can be possibly used in experimental applica-
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tions when some angles (e.g. in terms of optical components or ion manipulation) are
di cult to implement. Possibly only one of our conjectures can be actually proved with
contemporary state of art. Still, a better numerical support for the conjectures would
mean an important step in the eld. The resources to ful Il such numerical work increase
drastically with the precision, though.

One of the most interesting results is the sudden change of the dimension of the
functions' Julia sets with small changes to the function parameters. This metachaotic
(possibly exponentially sensitive behaviour of functionk,,. that induce exponentially
sensitive response of the input variable) behaviour of the chaotic functions has been
already noted for the mentioned functiong (z) = z2+ ¢ where the concept of] -stability
has been proposed. We nd it interesting now to try to reproduce or generalise the
knowledge ofJ -stability to the context of rational polynomial functions of our interest.

We also support the experimental execution of the protocol to verify the results. The
technology level of today's state of art is probably su cent to perform su cent number
of iterations of the protocol.
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Figure 3: Overview of the generalised sek (f ... ) (in black) for higher ordersn. Setting

of the axes and the colormap are the same as in gure 2. Numerical bias nga¥ 0;x = .
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Abstract. This contribution addresses the problems associated with formulations of geometric
ows which depend on the existence of the Frenet frame. In order to better understand the
limitations of such motion laws and to predict their long-term behavior, we introduce new

guantity which is invariant to nondegenerate homotopies and use it to classify the space on
which these motion laws operate.

Keywords: geometric ows, locally convex curves, Frenet frame, nhondegenerate homotopy

Abstrakt.  Tento p°isp¥vek °e?i problémy spojené s formulaci geometrickych tok- k°ivek za-
lo°enou na existenci Frenetova repéru. Abychom byli schopni |épe pochopit omezeni t¥chto
pohybovych zakon- a um¥li predikovat jejich dlouhodoby vyvoj, zavedeme novou velifinu, ktera
je invariantni v-£i nedegenerované homotopii. Jeji hodnota nam poslou®i ke klasi kaci prostor-,
na nich® tyto pohybové zakony operuiji.
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Abstract. Successful and widely known works such as DQN or AlphaGo made deep reinforce-
ment learning widely popular eld. They achieved super-human performance in solving complex
tasks some of which were thought impossible to solve due to e.g. number of possible states. One
of the biggest downsides, however, is still their inability to generalize across related tasks, which
for humans is very natural. The generalizing and reusing knowledge from the past is a crucial
part of a generally intelligent agent.

This work formalizes the problem of knowledge transfer in reinforcement learning and o er
a novel method for one-to-one task knowledge transfer. The method makes use of GAN model
which is tailored here speci cally for reinforcement learning tasks. The method assumes unpaired
data records fromsource and target reinforcement learning tasks containing current state, action
and future state. Thus, the method learns how to transfer knowledge in an unsupervised way.

The work o ers couple of experiments with Atari game Pong, where it demonstrates the
potential of the proposed method as well as the di culties that arise even when used on simple
environments.

Keywords: deep reinforcement learning, transfer learning, Markov decision process

Abstrakt. Usp¥2né a obecn¥ znamé prace jako DQN nebo AlphaGo se zaslou®ili o to, %
hluboké zp¥tnovazebni uf£eni je aktualn¥ velmi popularni v¥dni disciplina. Zmin¥né metody se
nau£ili °e?it komplexni Glohy lépe ne® lidé a dokazali se dokonce naufit °e2t Glohy, kde se to
pova®ovalo za nemo®né nap°iklad kv:li obrovského po£tu mo°nych stav-. Jednou z hlavnich
nevyhod t¥chto metod ale po°ad z-stava jejich neschopnost zobec-ovat naufené znalosti na
podobné ulohy. Zobec-ovani a znovupouCiti ji° nau£enych znalosti je nezbytnd soufast obecn¥
inteligentnich agent..

Tato prace formalizuje problém p°enos- znalosti ve zp¥tnovazebném uf£eni a p°ina2i novou
metodu na p°enos mezi 2 ulohami. Metoda pou®iva model GAN, ktery je v praci modi kovany
pro pouCiti pro zp¥tnovazebni Ulohy. Metoda p°epodklada dv¥ nesparované mno®iny datovych
zaznam- ze zdrojové a cilové ulohy obsahujici aktualni stav, akci a budouci stav. Z toho plyne,
%¢ metoda se ufi jak p°enést znalosti mezi Ulohami "bez ufitele"(unsupervised learning).

Prace obsahuje vicero experiment- s Atari hrou Pong, kde se demonstruje potencial p°ina2ené
metody a také problémy se kterymi je mo°no se setkat i v tomto relativn¥ jednoduchém prost°edi.
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Abstract.  In this work we study the problem of periodicity of multidimensional continued
fractions (MCFs) using the matrix properties of these algorithms.

Using this approach, we show that there exist a class of vectors which can not have a purely
periodic expansion in any unimodular weakly convergent MCF algorithm. We also discuss some
possible reasons why most of the well-known MCF algorithms seems to fail to have periodic
expansion for every base of a cubic number eld.

Keywords: multidimensional continued fractions, periodicity, matrices of linear transformation

Abstrakt. V tomto textu se v¥nujeme algoritm-m vicerozm¥rnych °et¥zovych zlomk- a zejména
otazce periodicity t¥chto algoritm-. Algoritmy prezentujeme v jejich maticové podob¥ a ukazu-
jeme, °e matice repetendu rozvoj- v t¥chto algoritmech jsou rovny maticim jistych linearnich
transformaci.

Dale ukazujeme, °e existuje t°ida vektor-, je® nemohou mit £ist¥ periodicky rozvoj v °adném
unimodularnim slab¥ konvergentnim algoritmu vicerozm¥rnych °et¥zovych zlomk-. Diskutujeme
také mo°né peifiny toho, prof se zda, % u v¥t2iny klasickych algoritm- vicerozm¥rnych °et¥zo-
vych zlomk- existuje baze kubického t¥lesa, kterd nema periodicky rozvo.

Klifova slova: vicerozm¥rné °et¥zové zlomky, periodicita, matice linearnich transformaci

1 Introduction

In 1839 [6] Hermite asked Jacobi if there is an algorithm that would detect the algebraic
degree of any algebraic number (for de nitions of these terms se Preliminaries). For the
rational numbers (numbers of degree 1) is such an algorithm the decimal expansion of a
number. In the case of quadratic numbers (the numbers of degree 2) is such a system
also well-known. Namely, it is the regular continued fraction representation. However,
we still do not have a satisfactory answer for numbers of degree three and higher.

In order to solve this question, there were introduced many multidimensional contin-
ued fraction (or MCF for short) algorithms. We will focus only on the vectorial algo-
rithms. That are the algorithms that can be written as a matrix multiplication. For more
information about the other type of MCF algorithms, the geometric algorithms, see [7].

"The work was supported by the Grant Agency of the Czech Technical University in Prague, grant
No. SGS20/183/0OHK4/3T/14.
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The rst and the most often studied MCF algorithm is the Jacobi-Perron algorithm,
introduced by Jacobi (1868, [5]) and later generalised by Perron (1935, [9]). Other well-
known algorithms are Poincaré algorithm (1884, [10]), Brun algorithm (1920, [3]), Selmer
algorithm (1961, [13]) and Fully subtractive algorithm (1995, [11]). There exist also
many modi cations of this algorithms, for example the Algebraic Jacobi-Perron algorithm
(AJPA) by Tamura and Yasutomi (2009 [14]). For a detail description of the well-know
MCF algorithms and their properties see the books [2] and [12]. A good overview of these
MCEF algorithms is also in [8].

In this work we present another approach to this problem. We study the algorithms
in their matrix form. In the main theorem (Theorem 9) we state, that every matrix of
repetend of a MCF expansion is equal to a matrix of some linear transformation. More-
over, in the third section of this text, we present a theorem, which gives us instructions,
how to nd these matrices.

Using these two main results, we show, that there exists a class of vectors which
can not have a purely periodic expansion in any unimodular weakly convergent MCF
algorithm. Moreover, we show (using an example), the reason, why we believe that most
of the well-known MCF algorithms seems to fail to answer the Hermite question.

2 Preliminaries

A number 2 C is algebraic(over Q) if it is a root of some polynomialf 2 Q[ ]. The
set of algebraic numbers (oveR) is denoted byA. Let and ©°be roots of the same
irreducible polynomialf . We say that °is a conjugate of

The degreeof is the least numbern such that is a root of a polynomial of degree
n. Algebraic numbers of degree two are calleguadratic and algebraic numbers of degree
three are calledcubic (they are roots of quadratic respectively cubic polynomial with
rational coe cients).

Let 2 A. The number eld Q( ) is de ned by

\
Q( )= fTjTisasubeldofC;, 2Tg:

The degreeof the number eld Q( ) is the dimension ofQ( ) as a vector space oved.
If is an algebraic number of degree, then

Q()=fa+a + +a, 1 " Yja 2 Qu:

imilarly, we de ne the number eld Q( 1;:::; p)for ;i o 2A asQ( 1;:::; n):=
fTjTisasubeld of C; ;:::; 2 Tg. It holds that for every 4;:::; , 2 A, there
exists 2 A suchthatQ( 1;:::; n)= Q( ).

A number 2 Cis calledan algebraic integerif there is a monic polynomialf 2 Z[x]
such thatf ( ) =0. The set of all algebraic integers is denoted y. The ring of integers
of the number eld Q( ) is the setOq( ) := Q( )\ B.

Lets: Q( )! Q( ) be a linear transformation. Moreover, letSB 2 Q"" be the
matrix of the transformation s in a basisB. It holds that if SB: and SB2 are two matrices
of the same transformations but in di erent bases, therg®: is similar to SB2 (i.e., there
exists an invertible matrix U such that SB: = USB2U 1). Especially, they have the same
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determinant. This means that we can de nehe determinant of the transformation s as
det(s) = det( S), where S is an arbitrary matrix of the transformation s.

We associate to each element 2 Q( ) a linear transformationt : Q( ) ! Q( )
which is de ned by

t(x)= x (1)

for everyx 2 Q( ).

The matrix of this transformation is denotedT .

Let 2 Aand 2 Q( ). Then the norm Ng( )o( ) (or simply N( ) if it is clear
in which number eld lies) of is the determinant of the matrix representation of the
linear transformationt . In other words

No( jjo( ) =det(T )2 Q:

A unit in aring R with identity 1y is an invertible elementu of R, i.e., there exists an
elementv 2 R such thatuv = vu = 1g. The units of a ring R form a group with respect
to multiplication, we call it the group of units U(R) of R. In the ring of integersOq )
of a number eld Q( ), we can characterize the group of units in the following way. Let

2 0qg(). Then 2 U(Oq()) ifand only if N( ) = 1. Due to the Dirichlet's unit
theorem, we can also determine the rank (the number of multiplicatively independent
generators) of the group of unitdJ(Ogq( ).

Theorem 1 (Dirichlet's unit theorem). Let K = Q( ) be a number eld. The group of
units of Ok is nitely generated and its rank is equal to

r=ry+ry 1

wherer, is the number of real conjugates of and 2r, is the number of nonreal complex
conjugates of .

For example, if is a cubic number, then the group of unitdJ(Ok ) has rank either
2o0r1l

units if it is multiplicatively independent and it generates (modulo roots of unity) the
group U(Og ), i.e. if every unit u can be written uniquely in the form

u= uftiou’; 2
wherem; 2 Z foralli 2f1;:::;rgand is some root of unity (i.e. there existp 2 N.
such that P=1).

If K = Q( ) is an algebraic number eld of odd degree, then the roots of unity have
the following simple form.

Theorem 2 (Theorem 13.5.2 in [1]) Let K = Q( ) be an algebraic number eld of odd
degree. The roots of unity inOx are 1.

A number ring with an additive group which is nitely generated is calledan order in
its eld of fractions. Let 1;:::; , be a basis of the number eldQ( 1). Z[ 1;:::; o] =
fa; 1+ a >+ +a, n:a22g Q( )isan order of rankn. By [4], the Dirichlet's

Moreover, every unit in Z[ 1;:::; ] is also a unit in Og( y which means that we can
nd using the fundamental units ofOq( ) and the factthat N( )= 1.
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2.1 Vectorial MCFs

Let n be a positive integer. A vectorial MCF acts orR} and it is speci ed by two sets,
| and A. The rst set is a countable set of subsets dR? :

I =flg;l0000
while the second set is a set of invertible matrices frolR™":
A="1fA;; A0

having the same cardinality asl . Given these two sets, a representation of a vector
v 2 R? is obtained by the following algorithm.

Algorithm 3  (Multidimensional continued fraction algorithm). Let ¥2 RY.

Set&? = v;i =0,

Repeat:

Let j be some index such tha!) 2 I;. If there is no suchj, the algorithm stops.
Otherwise set

i+1) — 1, (1)
WD = A
and A® = Aj. Seti=i+1,

De nition 4. The sequencgAM)L, from Algorithm 3 is called an (I ;A) (n  1)-
dimensional continued fraction expansiomf the vector.

If not ambiguous, we will often say only expansion of. Moreover, we identify the
expansion ofy with v, i.e., we writev = (A©; AD; 1),

A MCF algorithm is unimodular if the matrices from A are unimodular, that is, they
have determinant equal to 1 and integer entries.

An expansion of a vectory = (A©@: A®::::) is eventually periodicif there exists N
and positive p such that A® = A(+P) foralli  N. We write also

v= A AD AN DAN) AN -2 AN+ 1)

If N =0, then the expansion ispurely periodic

The sequence A@;AQM::::- AN D s called apreperiodic part and the sequence
AN AN+ - - ANN+P D) s called arepetend The number N is called apreperiod
and the numberp is called aperiod.

It follows from Algorithm 3 that

AO AT AT D) = (0

we shall consider the preperiodic part and the repetend as matrices, iR. AQAD AN 1)
and M = ANMAN+D — AN+p 1) Ag g shorthand, we shall use the following notation
¥v= RM.

Below, when we mention a MCF algorithm, we mean an MCF algorithm for some
given(l ;A) and n.
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2.2 Properties of MCFs

One of the key properties of an MCF algorithm is its convergence, which we will describe
next.

2.2.1 Weak convergence

Denition 5. Let M® 1 be a sequence of matrices froR™". Moreover, letj 2
f1;:::;ng. We say it weakly converges tov 2 R" with respect to j-th column if the
foIIowmg two conditions are ful lled:

1. there exists® such thatM (P) is positive for allP > P;

2. the sequence I

M
(s)
M op
converges to"—' foralli2f1;:::;ng and somek 2 f 1;:::;ng.

Remark 6. All elements of all matricesM (® for s B are positive and therefore we can
choosek arbitrarily.

The (I ;A) (n 1)-dimensional MCF algorithm isweakly convergenif for every vector
» 2 R? whose expansion isA©@; A®:::: with M©® = A@QAQD . AG) we have that the
sequenceVl ® weakly converges tov with respect to the j -th column for everyj .

2.2.2 Periodicity of MCFs

The importance of periodicity can be seen from the following theorem.
0 1

1
Theorem 7 ([2], Theorem 3.1.) Let v = ?@ X 2 R, ¥= M in a given unimodular
\
MCF algorithm and M a be matrix of a repetend o%. We have

v= Mw;
where 2 R and:

is an algebraic unit of degree at most.

Vn

" If the degree of equalsn, then the numbers;t;:::; -

a vector space ovef)) of the number eld Q( )

L > constitute a basis (as

The proof of this theorem is based on the fact thay is an eigenvector oM and *
is the corresponding eigenvalue.

We cannot omit the condition on the degree of sincedeg() n 1 would allow
\Y—"n 62Q( ). For an example of such a vector and algorithm see Remark (1) in [2].
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3 Weakly convergent sequences

For now, we focus on weakly convergent sequences converging to a basis of a number
eld Q( ) (as a vector space ove®) of degreen. In the next theorem we show that if
these matrices are matrices of multiplication by an element of the eld, any matrix of the
sequence can be reconstructed from one of its columns.

0 1
Vi
Theorem 8. Let v = %} X be a basis (of a nite eld extension of degrea as a
Vn
vector space overlQ), 2 fl;:::;ngand ¢ 2 Q(vy;:::;Vv,). There exists a mapping

Q- : R" 7! R™ such that for all sequencesM :1

_, Satisfying

1. foralls, M©® = TVST, i.e., M© equals the transposed matrix of the linear trans-
formation t _ in the basisv with 2 Q(vy;:::;Vy);

2. M® ;10 weakly converges te with respect to -th column;

we have
M®=Q., M®  foranys:

Moreover, there exists am-tuple Q-., of matrices from Q™" such that itsi-th compo-
nent satis es
QwMP= Qw MT
In what follows, we keep the same notation as in Theorem 8, i.e., we associate with
the mapping Q- the n-tuple of matricesQ-., .

4 Periodic MCF expansions

In this section, we will use the results on weakly convergent sequences of matrices from
the previous section to investigate periodic MCF expansions. While considering a pe-
riodic expansion ofw, i.e., while having¥ = RM, where the periodic part is already
represented as a producM of the matrices of the periodic part of the expansion, we
will not distinguish between purely and eventually periodic sequences by considering the
matrix RMR 1!, called the matrix of repetend and the equality RM = RMR 1. Doing
that, we transform the question of nding (if possible) the matricesR and M to nding

the decomposition of a candidate matrixQ into the form RMR !, whereR = Ry :::Ry,

The following theorem states that the matrix of repetend always equals to a matrix

of multiplication by some unit.
0 1

Y1
Theorem 9. Letv= %} : X be a basis of)(y;) (as a vector space oveQ), where v has

Yn
a periodic expansion in a unimodular MCF algorithm. Moreover, leM be a matrix of
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repetend of this MCF expansion of. We have

M=TY;
where" 2 U(Z[y1;:::5; ¥nl), 2 Z; 6 0 is such that y4;:::; y, are algebraic
integers, andT.Y is a matrix of linear transformation t- (de ned by (1)) in the basisw.
0 1

Vi
Remark 10. Let v = %) : X be a basis of a number eld of degre@ (as a vector

Vn
space overQ), 2 Z; 6 0 be such that y;:::; y, are algebraic integers,”; b 2
U(Z[Vq;:::; vp]) andm 2 Z. Then

YT = T¢TY and T = T ™ ©)

M; N 2fT.."Tj" 2U(Z[vy;::i;vaDg =) MN = NM:

Corollary 11. Lety be an algebraic number of degreewith minimal polynomial equal
to x 1
iy +y"=0;

j=0

where ;2 Qand ¢> 0.4
yn 1
The vectorv = %) : E does not have a purely periodic expansion in any weakly-
y

1
convergent(n 1)-dimensional continued fraction algorithm for whichA  SL(n; N).

4.1 Finding candidates on the matrix of repetend

0 1
Vi
Lemma 12. Let v = Ez) X be a basis ofQ(v,) as a vector space ovef). We can
Vi
determine then-tuples Qy.y (for k 2 f 1;:::;ng) directly from the rst n powers of the

matrix M of the repetend of the vectow (in some unimodular wakly-convergent MCF
algorithm).

Based on this idea from the last lemma, we show in this section how to nd matrices
that could potentially be the matrices of repetend of an MCF expansion &f in a given
weakly convergent MCF algorithm. We call such a matrix aandidate on the matrix of
repetend

For the sake of simplicity, we do this explicitly forn = 3. We start with a lemma
which is an explicit version of??.
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Lemma 13. Lety be a cubic number with minimal polynomial equal top+ 1y %+
X

y3=0,where o; 1; 22Q,Xx= o+ 1y+ zy% where o; 1; 22 Qandv= @A,
00 10 10 11 1
1 00 0 b_|_ Cy 0 CL &
We haveQ., = @@0 1 A ;@1 b, c,A;@ ¢, AA, where
0 01 0 by ¢ 1 ¢ G

b= 206 b= 1,G= o 2= 2C3b3 -G B 2302 205, o=—C1b§CSC2:
(4)
and
_ GG Gyt gb _ GG+ G _ (%"'bscz b s,
Cy = b © C5= —b3 and ¢ b (B

Or equivalently

b= 22 2

b= >

Ct= o022 01 og

= 0 (6)
CG= 22 1

C4= 012 8 021

Cs = 02

6= 12 20

Remark 14. Let p be a cubic number with minimal polynomial equal to o+ 1pg5 a9°+
g

=0, where o; 1; 22Q, k= o+ P+ P where ¢; 1; ,2 Qandv= @pA be
1

a basis of some cubic number eld (as a vector space o¥@). We nd all the candidates
on the matrix of repetend of the MCF expansion of the vectoy.

Let 2 Z be such that k; ¥ are algebraic integers. Firstly, we have to realise that
the number ¥ is a cubic number, and therefore, by Dirichlet's theorem, there are either
one or two fundamental units inZ[ ¥; K.

Let"; = 1+ zp"' 3b (resp. "= 1+ zp‘l' 3b; "y = bl + bzb+ b3b) be the
fundamental unit (resp. units) ofZ[ ¥; Kk]. (It follows that is a divisor of 5; 3; b, Q.)

It follows from Theorem 9 andReqnark 10 that every candidat& on the matrix of

k
repetend of the MCF expansion of@pA can be written as
1

ma
v T

M= T (7)
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for my 2 Z (respectively
- v T m1 v T m2
M = T. T (8)

for my;m, 2 2). 0 1

X1
We can easily verify by direct computation that T.."lT . = @y, A wherex; = 1+
; Z

2
L + 4 + 2+ Sy, = 2 4 4 C =
2 5 2 3 2102122 2 9 12 Y1 . 3 5 2 4 3
X2
T
and eventually T. = »A where
Zp
b +b 1 b % 2
Xo= M+ Y — 2 + % = 245+ 5,429 12
2 2
b
Y2:—2+b3 -+ 2 ;22:b3-

2 2

Now, we can use Theorem 8 and Lemma 13 to compute the matriélé‘§T (resp. T.."ZT).
We use the notation from Lemma 13. We get that

0 0 1 0 1 0O 11
N X1 X1 X1
T--Vl = @(Ql;v)l @ylA (Ql;v)z @ylA (Ql?V)3 @ylA A

Z; Z; Z

and similarly for the matrix T.."ZT.

For simplicity, we do the explicit calculation only for the cased = $?. In this case we
get a simpler form and that isx; = 31 5 2+ 3 %;yl = 5 3 2;Z1= zand
eventuallyx,= b B, b, ,+ b 5Y2 = b, b, ,z,=D,

Fori 2f 1;2g, we get that

0 1
T Xi 1Yi 0Zi oYi
T =@y X+ oy 0Zi
Z; Yit 2z Xi+t o¥it+t 17z

Not all of these matrices are the candidates on the matrix of repetend. In fact, only
half of them have the determinant equal tal (the other half has the determinant equal
to 1). We always have to check the determinant oMy,.,,.,, and My,.,,.,, and choose
the sign in correspondence with this determinant. It can also happen that some of these
matrices are not integer matrices, and therefore they are not candidates on the matrix of
repetend. On the other hand, ifip is an algebraic integer, then this problem cannot occur,
and therefore we know that every such matrix (with the correct sign of the determinant)
is a candidate on the matrix of repetend.

This means that the pgpblem of determining the candidates on the matrix of repetend

of the MCF expansion of@pA can be solved by determining units irZ[ ¥; k.
1
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We illustrate Remark 14 on an example. In this example, we also show the reason,
why we beleive that most of the well-known MCF algorithms seems to fail in solving the
Hermites question.

Example 15. Let y;;Y»;ys be the three positive real roots of the gplynpmiay® 6y ¢
2 2

Y1 y2
9y 3=0. We investigate the MCF expansion of the vectorsy = @y, A v = @y, A
1 1
0 .1
ys®
and v, = @y; A The numbersy;;y.;y; are three real conjugates and therefore there are
1

two fundamental units in Z[y;;y?], Z[y»;y3] and Z[ys;y3]. The couples of fundamental
units are"; = y> 5y;+5;8=y? 5y, +4 foralli2f1;2;3g.
Using Lemma 13, W% %et that

1 0 10 11
100 0 9 3 0 3 0

Qu, =@@ 1 A;@ 6 0A;@ 0 AA
001 01 6 1 69

for everyi 2 1;2; 3g.
Using the computation in Remark 14, we obtain that every candidat®! on the matrix
of repetend of the vectorw; w and alsow is de ned by

M= (MIMP?)

wherem;;m, 2 Z,

0 1 0 1
2 6 3 1 6 3

M,=@ 4 3A and M,=@ 5 3A:
1 55 1 5 4

This mean, that the candidates on the matrix of repetend are identical for the three
vectors. In fact, if we work only with the matrices of repetend and the triplets) .,, we
can not distinquish, with which of the three vectors we work. On the other hand (as we
will se bellow), the MCF expansions in the well-known algorithms (for example the Brun
algorithm) of these three vectors dier. This means, that these well-known algorithms
use some information, that is not included in the matrices of repetend. We suppose, that
this is the reason, why these algorithms seem to fail to answer the Hermite's question.

We compare it with the expansion ofw; w and w in the Brun and in the Selmer
algorithm.

In the Brun algorithm, the vector w; w; w have the following periodic expansions.
The vector v = Tap; Tg,ZT221T133T322'521T1‘53 = Mg.1 Where

7 39 45
Mg:= @15 83 96A = M{My:
32 177 205

The vector ¥ = T15T21T13Ta2; T23T5T23Ta1T13Ta1 T13Ta2 T4 T3 T21 T12T21 T2 = M. Where
5900 2565 1071
Mg, = @ 357 1552 648A = M, °M$:
216 939 392
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And nally the vector w = T2, ToTETSTo1 TS 0T = M3 Where

0 1
256 543 198

Mgs= @66 140 51A = MM, °:
17 36 13

In the Selmer algorithm, we did not nd a periodicpart for the vectorsw; w; w in the
rst 10000steps.

5 Conclusion

In this text we showed a new approach to the problem of periodicity of MCF algorithms.
In Theorem 9, we proved that ever matrix of repetend of an expansion in a MCF algorithm
is equal to a matrix of some linear transformation. Moreover, we provided tools, how to
nd these matrices.

Putting these informations together, we showed that there exist some vectors that
can not have a purely periodic expansion in any unimodular weakly convergent MCF
algorithm. We also provided an example which shows a problem which could be the
cause why most of the well-known MCF algorithms seems to fail to answer the Hermite
guesiton.
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Abstract. We examine search algorithm and state transfer algorithm based on discrete-time
qguantum walks with coins and how they perform on graphs with fully connected vertices which
are vertices connected to all other vertices in the graph. We show that search algorithm does
not always nd marked fully connected vertex with probability close to one. But we prove that
the state transfer algorithm achieves to move walker between two fully connected vertices with
probability close to one for all graphs. We also prove that search for fully connected vertex can
be improved by changing the initial state of the algorithm.

Keywords: quantum walk, search algorithm, state transfer algorithm

Abstrakt.  Zkoumame vyhledavaci algoritmus a algoritmus pro p°enos stavu zalo®enych na
kvantové prochazce v diskrétnim £ase s minci a jak funguji na grafu s pIn¥ napojenymi vrcholy,
ca® jsou vrcholy, které jsou p°ipojeny ke vZem ostatnim vrchol-m grafu. Uka®eme, °e vyhleda-
vaci algoritmus nenajde vedy s pravd¥podobnosti blizkou jedné pln¥ napojeny ozna£eny vrchol.
Ale doka®eme, %e algoritmus pro p°enos stavu p°enese chodce mezi dv¥ma pln¥ napojenymi vr-
choly s pravd¥podobnosti blizkou jedné pro v2echny grafy. Také doka®eme, °e vyhledavani pin¥
napojeného vrcholu m-°e byt vylep2eno zm¥nou po£ate£niho stavu algoritmu.

Klifova slova: kvantova prochazka, vyhledavaci algoritmus, algoritmus na p°esnos stavu

1 Introduction

Quantum algorithms based on quantum walks are important part of quantum computer
science. In this article we examine the search and state transfer algorithm based on
discrete-time quantum walks with coins on graphs that contains fully connected vertices
which are vertices connected to all other vertices in the graph.

We follow the work of [9] where they prove that using Laplacian matrix as a Hamilto-
nian on graph with fully connected vertex leads to nding such a vertex with probability
close to one. Laplacian matrix is de ned ak = D A whereA is adjacency matrix and
D is diagonal matrix with degree of verticesl, as a diagonal elements, i.eD,., = d,. In
this work we examine the same graphs using model of discrete-time quantum walks with
coins.

" This work was supported from Student Grant Competition of Czech Technical University in Prague
under Grant SGS19/186/0HK4/3T/14 and project CAAS.
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In the rst part we introduce general search and state transfer algorithm based on
discrete-time quantum walks and in second part we examine those algorithms on the
graphs with fully connected vertices.

2 General search and state transfer algorithm

In this section we present model of discrete time-quantum walks with coins and search
and state transfer algorithm which are based on them. The search algorithm (SA) was
introduce in following articles [2] and [3] and state transfer algorithm (STA) is based on
work in [4].

Starting with the concept of discrete-time quantum walks let us have a grapG =
(V;E), then we assign to every vertex subspaceH,. H, is known as coin-space cor-
responding to vertexv and it readsH, = Spanfjv;wi ;w2 V : fv;,wg 2 Eg, where the
rst index v describe the position of the walker and the second index descrivedescribes
the direction of the walker. The Hilbert space of the grapl@ is a direct sum of all coin
spaceHs = |, Hy,. Movement of the walker is achieved by application of shift operator
$ which is de ned in following way

Sjv;wi = jw;vi: 1)

Using only the shift operator in the evolution of the walk is too simple sinc&? = T
Hence, the so-called coin operato€ is additionally applied at every step. [he coin
operator acts locally at each subspadé,. So the coin operator has a fornC = y em,

where " is local unitary coin operator. Hence, the evolution operatdd of one step of
the walk consist of application of the coin operator followed by application of the shift
operator, i.e. 0 = SC.

Now that we introduce basic notation and concept of the discrete time quantum walk
we move to introduction of SA and STA, starting with SA. The main idea of SA is applying
one local coin operator to marked vertices and di erent local coin operator to other non-
marked vertices of the graph. The local coin operator that we use at non-marked vertices
is known as Grover operator [5]

G, = [+2] jih ] @)

wherej i is equal superposition of all direction of the coin space at vertex é{, operator
acts locally atH,. At the marked vertices often used coins are simple phase shift by
or the Grover operator followed by phase shift by . In this article we use modi ed
Grover coin with additional weight on the state corresponding to the loop at marked
vertex followed by phase shift by . In [6] and [7] Wong showed that adding additional
loop at each vertex and properly tuning the weight of the loop the improves probability
of nding the marked vertex at d-regular graph. To add this weighted loop we modi ed
the Grover operator by replacing statg i with state given by
0 1
X

i (i = pﬁ@ jv;wi + pl_jv;viA (3)
\"

w;fv;wg2E
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where d, is number of neighbours of vertew, state jv;vi corresponds to loop and is
real number corresponding to the weight of the loop. Using staje ,(l)i we get modi ed

Grover operatoré\(,')(l) = ["+2j ,(ih (1)j. We label the choice of marked coin as
W for marked vertexm. Then the global coin operator of the search algorithm reads
M
Cn= GO CEO (4)

\

Using coins operator (4) we get the evolution operator the search algorithty,. We can
nally introduce the steps of the search algorithms as follows:

1. Initialize the system in the superposition of all basis states

1 X X
j = p= vy wi )
2JEJ v2V W
fv,wg2E

2. Apply the evolution operator O, = 8, T-times, i.ej (T)i = OTj i
3. Measure the system.

The probability of success is given by
X
Pm(T) = jhm;nj (T)ij*: (6)

w
fmwg2E

i.e. the probability that the walker is located at marked vertex at the end of the algorithm.
The success probability and number of steps depends on the structure and the size of
the graph G.

Having introduced the SA we move to the STA. In the case of STA, we have now two
marked vertices between which we want to transfer the walker. Let us called them the
sender and the receiver and we label corresponding verticessdgnd r, respectively. The
coin of STA is now given by

o= BY eo e, ™

v2V
v6 s;r

which we use in the construction of evolution operator as followss, = SCs,. There is
also a change of initial state of the walk. The initial state of STA is always localized at
sender vertex, equal superposition of all direction at sender vertgxsi or state corre-
sponding to loopjs; si are often chosen as initial state of the algorithm. Success of STA
depends on the choice of initial state, so the proper choice has to be done before the run
of the algorithm. In this work we use loop state as a initial state of STA. Steps of STA
are following:

1. Initialize the system in the state corresponding to a loop at sender vertgs; si.

2. Apply the evolution operator O, T-times.
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3. Measure the system. The particle moves from the sender to the receiver with delity
F (T) given by
X
F(T)= jhrwj (T)ij2: (8

w
frrwg2E

The number of stepsT and the delity F(T) depend again on the structure and the size
of the graph. We say that the algorithm achieves perfect state transfer if the delity is
close tol, i.e. the particle moves from the sender to the receiver with probability close
to one.

3 Fully connected vertices in random graph

In this section we examine search algorithm and state transfer algorithm on fully con-
nected vertices. In the case of SA we use model of Erdos-Rényi gr&piN  1; q), which

is a graph with N 1 vertices, where each edge has probability to be in the graph,
then we add one vertexm to the graph G and we connect it to all other vertices. In
the case of STA we us&(N 2;9) and we add vertices of sender and receiver in the
same manner. Moreover, we use as non-marked coin modi ed Grover c@if() where
we tuned the weight at each verteX, = N d,, i.e. we geté'v(N dy). This choice is
done so it corresponds with [9], where they have the weight of the loop dyf However

if we subtract N times identity operator N I" from their Hamiltonian we get the weight
of the loopd, N and evolution of the continuous walk would not change. On marked
vertices we use é'v(l) as the local coin operator.

Starting from the search for fully connected vertex numerical simulation showed that
algorithm nds the marked vertex but not always with probability close to one depending
on probability gin G(N  1;q), probability of success sinks with lowering of probability
g. For illustration of this e ect see Fig. 1 and 2. Decline of success probability holds
to certain point of g, because for very smaltj most of the edges in the graph are edges
connected to marked vertex and the initial state has a large overlap with marked vertex.
For very small g probability of success starts to rise again up t0:5.

Graphs where SA nds marked vertex with probability close to one are good very
often graphs where STA achieves perfect state transfer [8]. Also when the SA does not
nd marked vertex with probability STA usually likewise fail to perform perfect state
transfer. But numerical simulation suggests that STA achieves perfect state transfer
independent ofq using the model of 2 fully connected vertices adjacent tG(N  2;0)
with é{,(N dy) as non-marked coins. Moreover we proves this analytically. We nd the
invariant subspace of the wald which reads

j 1l = jsisi j o = jrri
j sl = js;ri j 4 = jrsi

. - — 1 - . - - - — 1 .. .
] sl = pﬁ JS,V| ] el = Pﬁ jI‘,VI
v=3 v=3

- - —_ 1 - . - - - — 1 - . -
] 71 = Pﬁ JV,S| J gl = Pﬁ JV, ri
v=3 v=3
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- P R o o .
j ol = Nj (N dy)ij virij v;si
v=3
| is invariant with to evolution operator Os;r and it contains the initial and target state
of the STA. Initial state corresponding to a loop at sender i$ ;i and delity of state

transfer reads
X

F(t) = jhewj (01 * = jhojpsi(T)ij 2+ jh 4j (T)ij*+ jhej (T)ij™ (9)

w
frrwg2E

We introduce the e ective evolution operatorOeﬁ which is evolution operator()s;r acting
in subspaced as follows

Ocrr j 1i = Ni (N 2)j 10 2] 4i PN 2 2j i
Octt j 2i = Ni (N 2)j2 2jsi PN 2 2j g
Ot j 3i = Ni 2j i + (N 2)j 4i PN 2 2j i
Octt j 4l = Ni 2j 2 +(N  2)j s PN 2 2j g
Oit j si = Ni PN 2 2j 4 PN 2 2j 4 +(4 N)j +i
Ouiio = v 2N 2j: 2N 25i+@ N)jd
Ot j 7i = Ni (2 N)j 5I+216I+2pN 2j o
O o = & 2isi+@ N)jei+2 N 2jg
Ouiio = 2N 2j5+2°N 2jgi+(N 4]

This reduction of dimension where thd). is does not depend o allow us to calculate
the evolution of delity of STA which reads in the limit of large graph

F (t) = sin* 't? (10)

where! is eigenphase of pair of conjugate eigenvalues which has eigenvectors with large

overlap with initial state. The ! is given by

r !
N 2
I = arccos N : (11)

From (14) we see that STA achieves perfect state transfer after number of steps which is
the closet integer to

P
T P

= fal
- 9

arccos N

+0 p— (12)

T 2

Z‘
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For comparison of analytical and numerical results see Fig. 3.

Let us now return to SA where we did no found any invariant subspace. The reason
for that is that initial state of SA does not have same overlap with each vertex of the
graph. The overlap depends on the degree of vertely. We nd that if we change the
initial state of SA to

ji= plﬁ PN AP (13)

which has the same overlap with all verticeslﬁ, there is invariant subspacd of the walk
which is spanned by following states

ji = jm;mi
o 1 X
= — m;
J 2! Pﬁ ) jm;vi
v=2
o 1 X
= S V; mi
) 3 PT 1V=21
Xy _
o= 27 PRI LN i ovimi
N 1.,

We again introduce the e ective evolution operator of the SA as evolution operator acting
in 1 which is given by following matrix

0 P 1
TR
0 0 2 N 2N 1
Ueff:%szl 2 N ’\6 ’\6 :
N N Py N 2
0 0 N N

After some calculation we get evolution of success probability which reads
. It
F (t) = sin? > (14)

where! is again the eigenphase of pair of conjugate eigenvalues with eigenvectors with
largest overlap with initial state and it reads

| = arccos 15
N (15)
The number of steps is closest integer to number
p__
N 1
T —= +0 p= 16
! arccos N2 2 N (16)

It is easy to see that success probability for SA with new initial state (13) goes to one for
graphs independent ofy.
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4 Conclusion

We show that the SA with original initial state does not nds marked fully connected
vertex with probability close to one independent ofy which is probability of edge being

in Erdés-Rényi graphG(N  1;0). Nevertheless the STA performs perfect state trans-
fer between two fully connected vertices with properly tuned weights of the loops at
non-marked vertices. Also we showed that change of initial state is SA leads to succes
probability close to one for all graphs.
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Figure 1: Evolution of success probability during the run of search algorithm on graph
with fully connected vertex connected to graphG(79;0:7)

Figure 2: Evolution of success probability during the run of search algorithm on graph
with fully connected vertex connected to graplG(79; 0:3)
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Figure 3: Evolution of delity during the run of STA on graph between 2 connected

vertices on a graph with200 vertices. Line is analytical result (14), dots are numerical

simulation. Di erence between analytical and numerical result at odd steps is due to the
limit of large graph for analytical result.
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Abstract. In this contribution, a method for estimating tissue parameters using cardiac mag-
netic resonance imaging (MRI) and a biophysical model by combining neural network (NN) and
numerical optimization (NO) is presented. The method is used on the problem of; relaxation
time estimation from the Modi ed Look-Locker Inversion recovery (MOLLI) image series. The
of MRI used in this work is based on Bloch equation.

MOLLI data were acquired for eight phantoms (with varying T; relaxation time) on 1.5
and 3T MRI systems; twelve patients on 1.5T system and three patients on 3T system (native
and after administering MRI contrast agent reducing T1). In the phantom study, additionally,
inversion recovery turbo spin echo (IR-TSE) data were acquired and provided a pseudo-ground
truth of the Ty relaxation time (TP®T).

T, from MOLLI images was obtained by the scanner T;¢@""¢") and by the proposed method,
which consists of two stages: the rst-stage estimat@ "N is given by the NN trained on synthetic
data generated by the Bloch simulator, the nal estimate Tl'\”\“No by numerical optimization
(NO). After the validation on the phantom data, the T; maps were created from routine cardiac
MRI MOLLI data by the proposed two-stage method and compared with theT; map provided
directly by the scanner.

The proposed two-stage method provided results comparable to the scanner in phantoms
study on 1.5T and results closer to pseudo-ground truth in 7 out of 8 phantoms on 3T. The NO
stage improved the accuracy and decreased the variation df; obtained by the NN stage.

For the in vivo data, the reference values computed based on IR-TSE were not avaliable.
The pre-contrast T;'"'"° in blood and myocardium was higher thanT5°"" in most subjects
measured on 1.5T and 3T system. The post-contrast; """° was higher thanT{"er in plood
for subject measured on both systems. In the case of post-contrast myocardiurig@"e" was
higher than T'™N® in most subjects measured, which is in line with the phantom experiment
and expected due to known underestimation off; from MOLLI data.

" This work was supported by the Ministry of Education, Youth and Sports of the Czech Republic
under the OP RDE grants number CZ2.11/0/0/16_019/0000778 Centre for Advanced Applied Sciences
CZ2.11/0/0/16_019/0000765 Research Center for Informatics, by Ministry of Health of the Czech
Republic project No. NV19-08-00071 and by Institutional Support MHCZ-DRO ( Institute for Clinical
and Experimental Medicine IKEM, IN 00023001 ). This work was also supported by the Inria France-
UT Southwestern Medical Center Dallas Associated Team TOFMOD.

135



136 K. 'kardova

NO initialized by the NN, which can be trained using simulated data, has the potential to
increase the e ciency and robustness of tissue parameter estimation from image data.

Keywords: T; relaxation time, Magnetic Resonance Imaging (MRI), Modi ed Look-Locker In-
version recovery (MOLLI), Parameter estimation, Bloch simulator

Abstrakt. V tomto p°isp¥vku je p°edstavena metoda pro odhad parametr- tkin¥ na zaklad¥ dat
z magnetickeé rezonance (MRI) a biofyzikalniho modelu MRI, za pouCiti kombinace neuronoveé sit¥
(NN) a numerické optimalizace (NO). Metoda je aplikovana na problém odhadur; relaxaEniho
£asu z MOLLI (Modi ed Look-Locker Inversion Recovery) obrazovych dat. Pou®ity model MRI
je zalo®eny na Blochovych rovnicich.

MOLLI data byla nam¥°ena pro osm fantom- (s r-znym T; relaxaEnim £asem) na p°istrojich
o sile pole 1.5 a 3T; dvanact pacient- na p°istroji o sile pole 1.5T a t°i pacienti na p°istroji
o sile pole 3T (nativn¥ a po podani kontrastni latky sni°ujici T1). Ve fantomové studii byla
navic nam¥°ena data pomoci Inversion Recovery Turbo Spin Echo (IR-TSE) sekvence. Data
nam¥°ena pomoci IR-TSE sekvence byla pouCita pro vypo£et referen£ni hodnoty relaxaEniho
£asu TP°T).

P°i pouCiti navreené metody je T, relaxaEni £as z MOLLI dat ziskan ve dvou krocich: prvni
odhad TNN je ziskan pomoci NN trénované na syntetickych datech generovanych Blochovym si-
muléatorem, nalni odhad TlNN;No je ziskan pomoci numerické optimalizace (NO). P°i validaci na
fantomech byly vysledky navreené dvou krokové metody porovnany s hodnotami odhadnutymi
na zaklad¥ MOLLI dat p°imo MR skenerem {[$°@"¢") a s referen£nimi hodnotami urEenymi na
zakladn¥ IR-TSE sekvence.

Navreena metoda poskytla vysledky srovnatelné se skenerem ve studii na fantomech m¥°e-
nych na stoji o sile pole 1.5T a vysledky bli°?i referenf£ni hodnot¥ pro 7 z 8 fantom- v p°ipad¥
m°eni na stroji o sile pole 3T. Srovnani ukazalo °e druhy krok (NO) zlep?il p°esnost a sniCil
rozptyl T, ziskanych v prvnim kroku navreené metody (NN).

U in vivo m¥°eni nebyla k dispozici referen£ni hodnota;. P°edkontrastni hodnota T)'VN°
v krvi a myokardu byla vy??i ne® TF@"Me" u v¥t2iny subjekt:- m¥°enych na obou MR strojich.
Postkontrastni hodnota Tl'\”\“NO v krvi byla vy??i ne® Tp@"e" y v2ech subjekt- m¥°enych na
obou strojich. V p°ipad¥ postkontrastni hodnoty v myokardu byla T{@"€" u v¥t2iny m¥°enych
subjekt- vy22i ne® T;'VN9 | coe je v souladu s fantomovym experimentem.

Inicializace druhého kroku numerické optimalizace pomoci odhadu ziskaného neuronovou
siti, kterou Ize trénovat pomoci generovanych dat, ma potencial zvy2it U£innost a robustnost

odhadu parametr- tkdn¥ z obrazovych dat.

Klifova slova: T, relaxaEni £as, Magneticka rezonance, Modi ed Look-Locker Inversion recovery
(MOLLI), Odhad parametr-, Bloch-v simulator

Full paper: Kate®ina 'kardova, Radek Galabov, Kate’ina Frickova, Tomaz Pevny,
Jaroslav Tint¥ra, Tomé2 Oberhuber, Radomir ChabiniokCombining machine learning
and mathematical modeling in estimation of T1 relaxation time from cardiac magnetic
resonance imaging data The paper is currently under review in Magnetic Resonance
Imaging.
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Abstract. We deal with pure substance solidi cation of a supercooled melt using the phase
eld model. This model is composed of the heat equation and the phase eld equation coupled
with suitable initial and boundary conditions, one of which is controlled. As opposed to the
distributed control of parabolic PDE's, very few contributions currently exist pertaining to the
Dirichlet boundary condition control for parabolic PDE's. This motivates our interest in the
Dirichlet boundary condition control for the phase eld model describing the solidi cation of a
pure substance from a supercooled melt. In particular, our aim is to control the time evolution
of the temperature eld on the boundary of the computational domain in order to achieve the
prescribed shape of the crystal at the given time. To obtain e cient means of computing the
gradient of the cost functional, we derive the adjoint problem formally. The gradient is then used
to perform gradient descent. The viability of the proposed optimization method is supported
by several numerical experiments performed in one and two spatial dimensions. Among other
things, these experiments show that a linear reaction term in the phase eld equation proves to
be insu cient in certain scenarios and so an alternative reaction term is considered to improve
the models behavior.

Keywords: phase eld, anisotropic crystal growth, optimization, Dirichlet boundary condition

Abstrakt. Za uiti modelu fazového pole simulujeme solidi kaci eisté smisi. Pou%.ity model se
sklada z rovnice vedeni tepla a rovnice fazového pole a je doplinin vhodnymi okrajovymi a poéa-
teénimi podminkami, jedna z nich je gizena. Na rozdil od distribuovaného gizeni parabolickych
rovnic, je% je hojni studovano, jen malé mno%¥stvi pgispivku se vinuje gizeni pomoci Dirichle-
tovy okrajové podminky. Toto motivuje nd' zajem o gizeni rovnic fazového pole, popisujicich
tuhnuti eisté smisi, s pomoci Dirichletovy okrajové podminky. Cilem tohoto optiméalniho gizeni
je nalezeni Dirichletovy okrajové podminky pro rovnici vedeni tepla, ktera vede k pgedepsanému
tvaru fazového pole v koneéném (pgedem daném) ease. Abychom zajistili efektivni vypoéet gra-
dientu vyu¥zjeme formalniho odvozeni adjugovanych rovnic. Gradient je potom vyu%it abychom
provedli gradientni sestup. Validita této techniky je ovigena s pomoci numerickych experimentu

"Tato prace byla podpogena grantem grantové agentury EVUT v Prague, grant No.
SGS17/194/0OHK4/3T/14. ..
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v jedné a dvou dimenzich. Mimo jiné je v tichto experimentech studovan vliv ruznych reake-
nich élenu. Pgi tichto experimentech se ukazuje, ¥e existuji @izeni, pgi nich%: je potgeba u¥ait
pokroéilejtich reakénich élenu, aby byla zajiltina realistiénost vysledného gizeni.

Klieova slova: rovnice fazového pole, anisotropicky rust krystalu, optimalizace, Dirichletova
okrajova podminka

PIna verze: A. Wodecki, P. Strachota, T. Oberhuber, K. ©kardova, M. Balazsovau-
merical Optimization of the Dirichlet Boundary Condition in the Phase Field Model with
an Application to Pure Substance Solidi cation.https://arxiv.org/abs/2208.13910
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Abstract.  Materials with grain contacts or partially closed cracks exhibit anomalous elastic
behavior: hysteresis in quasi-static experiments and slow dynamics in fast dynamic ones. When
a slowly varying strain is applied, the wave velocity increases with incresing loading and hys-
teresis is observed. In the dynamic range, a forcing which varies rapidly in time is applied and
non-equilibrium phenomena are observed. The system recovers its initial state when the con-
ditioning is removed. Albeit the behavior in the two cases (which correspond to very di erent
strain ranges) looks di erent, it should stem from the same physics and thus could be modelled
by the same equation of state. Here, we propose a modi cation of the standard acoustoelastic
theory, introducing the concept of conditioning induced non-equilibrium strain, which is de-
ned correctly for each experiment and results in hysteris and slow dynamics. The resulting
model allows to predict the behavior in both quasi-static and dynamic ranges, including velocity
anisotropy induced by nonlinearity.

Keywords: nonlinear elasticity, consolidated granular materials, locked-in stress, acoustoelastic
testing

Abstrakt.  Materialy obsahujici kontakty zrn nebo éasteeni uzavgené defekty vykazuji ano-
malni elastické chovani: hysterezi v kvazistatickych experimentech a slow dynamics v dyna-
mickych experimentech. Pgi aplikaci pomalu se minici deformace se rychlost vinini zvyluje s
rostoucim zati¥senim a je pozorovana hystereze. V dynamickém testovani se aplikuje sila, ktera se
rychle mini v éase, a jsou pozorovany nerovnova¥ané jevy. Po odstranini conditioningu se systém
vraci do puvodniho stavu. Pgesto¥se chovani v obou pgipadech { které odpovidaji velmi rozdil-
nym rozsahum deformace { vypada odlitni, milo by vychazet ze stejného fyzikalniho principu, a
proto by milo byt modelovano stejnou stavovou rovnici. Zde navrhujeme modi kaci standardni
akustoelastické teorie, ktera zavadi koncept nerovnova¥sné deformace vyvolané conditioningem,
ktera je spravni de novana pro ka%.dy experiment a zpusobuje hysterezi a slow dynamics. Vy-
sledny model umo%0uje pgedpovidat chovani v kvazistatickém i dynamickém rozsahu, véetni
anizotropie v rychlostech vin vyvolané nelinearitou.
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Klieéova slova: nelinearni elasticita, konsolidované granulované materialy, locked-in napiti, akus-
toelastické testovani

Full paper: J. Kober, M. Scalerandi, R. ZemanNon-equilibrium strain induces hystere-
sis and anisotropy in the quasi-static and dynamic elastic behavior of sandstones: Theory
and Experiments. Submitted to Applied Physics Letters.



